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Kurzfassung

Diese Arbeit befasst sich mit einem Ansatz zur Aufgaben- und Bewegungsplanung
(TAMP), welcher eine autonome Kooperation zwischen mehreren Manipulatoren in Echt-
zeit ermöglicht. Eine simultane und echtzeitfähige Ausführung von Aufgaben durch eine
Gruppe von Manipulatoren stellt immer noch eine große Herausforderung dar, da eine
komplexe Koordination zwischen den Robotern erforderlich ist, um Kollisionen und De-
adlocks zu verhindern. Der vorgeschlagene optimierungsbasierte TAMP-Ansatz ist hierar-
chisch aufgebaut und besteht aus mehreren Ebenen, die jeweils einen individuellen Aspekt
des TAMP-Ansatzes realisieren. Um die Aufgaben optimal zwischen den Robotern zu ver-
teilen, wird ein gemischt-ganzzahliges lineares Optimierungsproblem formuliert. Um ein
reaktives Verhalten eines jeden Roboters auf instantane Änderungen in dessen Umge-
bung und während dessen Bewegung zu ermöglichen, wird die DMPC-ELS-Methode als
Trajektorienplaner vorgeschlagen. Die vorgeschlagene DMPC-ELS-Methode basiert auf
einer verteilten modellprädiktiven Regelung, bei der das Trajektorienplanungsproblem je-
des Roboters parallel gelöst wird, wobei die prädizierten Trajektorien seiner Nachbarn
berücksichtigt werden. Dadurch wird sichergestellt, dass keine Kollisionen zwischen den
Robotern auftreten. Im Gegensatz zu den bestehenden Methoden beruht die neu entwi-
ckelte Methode zur Kollisionsvermeidung nicht auf der Berechnung von Entfernungen zwi-
schen kollisionsgefährdeten Körpern, sondern stellt sicher, dass deren Schnittmenge leer ist,
wodurch das Problem verschachtelter logischer Bedingungen nicht besteht. Im Weiteren
wird eine neu entwickelte Methode zur reaktiven Auflösung von Deadlocks vorgeschlagen,
um Zielkonflikte zwischen Manipulatoren, die von Deadlocks betroffen sind, reaktiv auf-
zulösen, ohne den Rest des Roboterteams, der nicht in den Deadlock involviert ist, zu
unterbrechen. Umfangreiche simulationsbasierte und experimentelle Studien einschließlich
mehrerer Benchmark-Analysen werden durchgeführt, um die Vorteile des vorgeschlagenen
TAMP-Ansatzes aufzuzeigen. Eine zusätzliche Skalierbarkeitsanalyse zeigt die Grenzen
des DMPC-ELS-Ansatzes auf.
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Abstract

This thesis proposes an online task and motion planning (TAMP) approach, enabling an
autonomous cooperation between multiple manipulators. Online execution of tasks by a
group of manipulators poses challenges as an intricate inter-robot coordination is critical
to keep the robotic system collision- and deadlock-free. The proposed optimization-based
approach is hierarchically structured and consists of several layers, each considering an
individual aspect of the TAMP. To optimally distribute tasks between the robots, a task
allocation problem is formulated as a mixed-integer programming problem. To allow a re-
active behavior of each robot upon environmental changes during motion, an online motion
planning approach, named DMPC-ELS, is proposed. The DMPC-ELS method is based
on distributed model predictive control, where the trajectory planning problem of each
robot is solved in parallel, taking the predicted trajectories of its neighbors into account.
This ensures that no inter-robot collisions occur. Unlike existing methods, the newly de-
veloped collision avoidance approach ELS does not rely on computing distances between
collision-prone bodies, but rather checks the intersection of sets, overcoming the problem
with nested logical conditions. Further, a newly developed online resolution procedure
for treating deadlocks is proposed to resolve conflicting goals between deadlock-affected
manipulators without interrupting the rest of the robotic team not involved in the dead-
lock. Extensive simulation-based and experimental studies including several benchmark
analyses are carried out to show the advantages of the proposed TAMP approach. An
additional scalability analysis demonstrates the limitations of the DMPC-ELS approach.
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1 Introduction

The need for autonomous robots is rapidly growing due to flexibility requirements of
customized production, where robots work alongside human workers [AC19; Rus+20].
Serial robots, also called manipulator, received an increasing interest in a wide variety
of applications ranging from industry [MBF18], medicine [HLL19], aerospace [Ryb18] to
construction [Pet+19]. A series of links connected by joints form the kinematic chain of
a manipulator, where an end-effector is attached to its end. Robotic arm systems exhibit
significant flexibility, attributed to the complexity of their kinematic chains, characterized
by a high degree of precision and repeatability. Furthermore, they demonstrate a robust
capability to bear heavy payloads, thereby underscoring their efficacy in diverse industrial
applications. However, manipulators employed in industry still operate behind safety
barriers to prevent any injuries to human workers. Besides, their application is generally
limited to perform repetitive tasks, where the robots follow predefined paths in static and
known environments [Vil+18]. Consequently, the interaction of manipulators with humans
or other robotic systems in dynamic and cluttered environments is still very limited in real-
world applications.

The definition of a robot, as it is defined by the International Organization for Standard-
ization [Int21], states:

“Actuated mechanism programmable in two or more axes with a degree of autonomy,
moving within its environment, to perform intended tasks.”

Besides, there are three fundamental laws of robotics, also known as Asimov’s Laws,
introduced by Isaac Asimov in 1942 [Asi42]:

1. A robot may not injure a human being or, through inaction, allow a human being
to come to harm.

2. A robot must obey the orders given to it by human beings except where such orders
would conflict with the First Law.

3. A robot must protect its own existence as long as such protection does not conflict
with the First or Second Law.

Asimov’s Laws laid the foundation to define specifications for the design of a robot and
gave an impulse for ethics in artificial intelligence [SS00].
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Based on the aforementioned specifications and definition it can be inferred that safety and
autonomy are the most important requirements for designing a robotic system. In real-
world applications, the interaction of robots with humans or other robotic systems occur
in dynamic, cluttered and uncertain environments. A robot should be able to anticipate
unpredictable changes in its environment and initiate an appropriate response. In other
words, a robot should guarantee safety of the system, i.e., causing no harm to human
workers and its environment.

In the last decade, collaborative robots, also called cobots [CWP96], gained significant
popularity both in industry and in the research world. Cobots are easily programmable
and thus adaptable to their environment. Due to cobots’ lightweight design, they are less
likely to cause harm to humans as lower contact forces and torques are exerted compared
to industrial robots. Primarily, cobots were developed to work alongside human workers in
assembly lines to improve safety, quality and productivity of the overall system [Ake+99].
The idea of developing cobots emerged to serve as assistants to human workers carrying
out more complex tasks. As a consequence, the field of human-robot interaction (HRI)
started to emerge and is still an active research area. In 2016, Cherubini et al. [Che+16]
proposed a solution that allowed a direct physical contact between a human and a robot
in real industrial scenarios meeting safety standards.

Besides HRI, multirobot systems (MRS) represent another active research area, where
multiple robots in cooperation solve a joint task. Cooperation between multiple robots
can considerably increase efficiency and performance of the overall system compared to
a single robot system. Multiple robots working together can accomplish several tasks
simultaneously or carry out more complex tasks, such as transportation of heavy loads
or assembly, which are not possible by utilizing only a single robot [DB17]. Additionally,
reachability of the system can be increased by realizing hand-over tasks between the robots.
MRS allows for modularization leading to a more robust and reliable system [FIN04]. Tasks
that can be accomplished by multiple manipulators range from cooperative manipulation
[DH20; YSV21], assembly tasks [Dog+19; Har+23] to spray painting and grit-blasting
[HL17]. Notably, different types of robotic systems can be combined to achieve the desired
system requirements. For instance, robotic arm systems can be combined with Unmanned
Aerial Vehicle (UAV), called aerial robotic manipulator or with Unmanned Ground Vehicle
(UGV), denoted as mobile manipulator. Ollero et al. [Oll+22] and Thakar et al. [Tha+22]
provide excellent surveys of the two robotic systems.

Collision avoidance, coordination and task distribution play a crucial role in MRS. While
well-developed solutions exist for MRS involving autonomous mobile robots in cluttered
environments [BGL11; Sch+20], methods dealing with multiple manipulators are rare.
This might be attributed to the manipulator’s complex kinematic chain, where simplified
models cannot be easily utilized as in the case of mobile robots [BGL11; RHB15; Sch+20].
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Collision avoidance becomes a challenging task, especially considering cooperation between
multiple manipulators. Moreover, works based on real-time optimization for robotic arm
systems in dynamically changing environments are still limited [Mav+21]. Consequently,
much more research in the field of safety and autonomy of robotic arm systems needs to
be ‘invested’.

The research on robotics is still lacking to provide a concept for high-level motion control,
which is able to generate a path from an arbitrary initial to an arbitrary target state in
an environment exposed to sudden changes. This becomes especially important in case
the target state or obstacles change their pose, while the robot is already executing its
previously planned trajectory. Being able to reach the (new) target state, a replanning of
the initially planned trajectory is required, still guaranteeing safety of the robot and its
environment at each time instant. There is a great number of state-of-the-art planners
for manipulators [ŞMK12], which are limited to static environments. In the past decade,
model predictive control (MPC) has been widely used in various number of robotic systems
and showed a high potential as an online trajectory planning method [RSS17; Tik+20;
Sch+20; Krä+20; Mav+21; TB24].

This thesis focuses on developing an optimization-based task and motion planning (TAMP)
approach allowing for a safe cooperation between multiple manipulators accomplishing a
common goal. Prior to proposing the newly developed TAMP approach for a multi-
manipulator system, the potential and limitations of different types of trajectory planners
for a single manipulator system are analyzed. So far, no benchmark analysis exists be-
tween the existing state-of-the-art planners and MPC. To conduct a comparison between
different types of planners, different types of static environments are considered and several
performance metrics are selected to carry out a benchmark analysis based on experiments.
To demonstrate the merits of MPC, dynamically changing environment involving sudden
changes and moving targets are considered as well [Gaf+22c].

Considering a multi-manipulator system, coordination of a group of robots plays a crucial
role. The advantages of using a group of robots come at the cost of increased complexity
of robot coordination, where the potential for conflicts is high. To coordinate a group of
robots in an optimal manner, an optimal scheduling approach is proposed by minimizing
the maximum completion time needed to complete the tasks by all robots taking reach-
ability constraints into account as well as reducing the potential for inter-robot collisions
and deadlocks. Types of tasks considered in this work include pick-and-place tasks and
disassembly.

Online replanning becomes even more complex in case of multiple manipulators working
in a team, where each robot represents additional dynamical obstacles to each other that
need to constantly be considered during operation. To split the problem into subproblems,
an online motion control scheme based on distributed model predictive control (DMPC)
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is proposed within this thesis [GYR21; Gaf+22a]. DMPC allows for each robot to plan its
own trajectory, where communication between the systems is allowed. To realize a close
operation between the robots, an efficient collision avoidance strategy based on ellipsoid-
line segment (ELS) approach is introduced, where no intersections between approximated
parts of the robot’s body are allowed to occur. The proposed collision avoidance strategy
ELS is integrated into each manipulator’s trajectory planner DMPC, allowing for taking
the predicted trajectory of each neighbor into account to avoid inter-robot collisions.

In general, MRS are prone to deadlocks provoking a standstill of the entire system. To this
end, a special focus of this work also lies in proposing a reactive deadlock resolution method
for a multi-manipulator system. This becomes especially important if the trajectories
of the robots are not preplanned and each robot is allowed to react upon changes in
its environment independently of its neighboring robots. In such a system, deadlocks
between the robots can always occur and cannot be anticipated beforehand. Solutions
for handling deadlocks in multi-manipulator systems that can reliably detect and resolve
the occurring deadlocks are extremely limited. To this end, a reactive deadlock resolution
scheme [Gaf+22a] is proposed that does not rely on preplanned trajectories of individual
robots. A robotic team is clustered into deadlock-affected and deadlock-free groups of
robots once a deadlock is detected. This allows to resolve locally occurred deadlocks
without interrupting the entire robotic team.

This thesis is structured as follows. Chapter 2 provides an overview over different path
and trajectory planning methods. The MPC method is introduced followed by presenting
different types of collision avoidance strategies that might be integrated into the MPC
framework. Further, a review of trajectory planning methods developed for manipulators
is provided. The chapter is rounded off by elaborating on different aspects of multi-robot
systems. An extensive benchmark analysis of the existing state-of-art planners and MPC
is carried out for a single manipulator based on experiments in Chapter 3. Optimal task
planning and predictive online motion control for a multi-manipulator system is intro-
duced in Chapter 4. The main focus of this chapter is to introduce different layers of the
newly developed TAMP approach handling multi-manipulator systems. Chapter 5 pro-
vides an extensive simulation-based study involving two benchmark analysis for a multi-
robot setup. The first benchmark analysis compares the heuristic and optimization-based
scheduling approaches. The second benchmark analysis deals with comparing the newly
proposed DMPC-ELS method with several state-of-the-art trajectory planners. Chapter 6
deals with an experimental study of two manipulators working in cooperation and per-
forming a series of pick-and-place tasks and disassembly. The thesis is concluded by an
extensive discussion of the presented approaches and results followed by an outlook in
Chapter 7.
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2 State of the art

This chapter presents general concepts of path planning and trajectory planning in
robotics. The main focus is directed towards model predictive control (MPC) as an
optimization-based control method, which is the method of choice for realizing a collision-
free operation of manipulators in this thesis. Therefore, the method as well as different
collision avoidance strategies that might be incorporated into the MPC framework are
introduced. Further, a thorough review on the application of MPC to single manipulator
systems is given.

The research of this thesis is concentrated on multi-robot systems (MRS). Consequently,
this chapter highlights critical aspects relevant for dealing with MRS. First, an extensive
review on MRS involving manipulator systems is provided. Second, a particular emphasis
is placed on deadlocks and techniques realizing a deadlock-free operation of MRS. Finally,
approaches for multi-robot task allocation are introduced. The chapter is concluded by
summarizing the main aspects relevant to realize an MRS.

2.1 Path planning

Path planning problem deals with finding a geometric path to traverse the robot from
its initial to a final posture while avoiding collisions with its environment. Path planning
problems are independent of time and are solved in the configuration space.

Some basic definitions need to be introduced in the following:

• 𝒢 – geometry of a robot

• 𝑛 – dimension of the robot’s operation space

• 𝒲 ⊂ ℝ𝑛 – robot’s workspace

• 𝒪 ⊂ 𝒲 – obstacle region in 𝒲

• 𝒞 – configuration space

• q ∈ 𝒞 – configuration of a robot

• 𝒞obs ⊂ 𝒞 – obstacle space in 𝒞

• 𝒞free ⊂ 𝒞 – free space in 𝒞
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• qinit ∈ 𝒞free – initial configuration of a robot

• qgoal ∈ 𝒞free – goal configuration of a robot

Consider a robot 𝒢, which may consist of a kinematic chain, i.e., a series of rigid bodies
connected by joints. The Euclidean space in which the robot operates is called workspace
𝒲 = ℝ𝑛, where 𝑛 = 2 or 𝑛 = 3 specifies its dimension. The configuration of the robot
is represented by a vector of generalized coordinates q ∈ 𝒞 comprising translational and
rotational degrees of freedom of the robot. For instance, a configuration of a six-axis
manipulator is described by six generalized coordinates, i.e, q = [𝑞1, 𝑞2, 𝑞3, 𝑞4, 𝑞5, 𝑞6]. The
configuration space 𝒞, also shortened as C-space, describes the space with all possible
configurations of a robot. The multi-dimensional space 𝒞 results from Cartesian product
of the spaces of the generalized coordinates.

Space occupied by the robot’s body is described by the set 𝒢(q), which depends on a
robot’s configuration q. The C-space 𝒞 can be subdivided into obstacle space 𝒞obs and
free space 𝒞free, i.e.,

𝒞 = 𝒞obs ∪ 𝒞free. (2.1)

While the obstacle space is defined as region occupied by a number of obstacles

𝒞obs = {q ∈ 𝒞 | 𝒢(q) ∩ 𝒪 ≠ ∅}, (2.2)

the free space 𝒞free describes the leftover space not occupied by any obstacles, i.e., where
a robot can freely move

𝒞free = 𝒞\𝒞obs. (2.3)

Fig. 2.1 illustrates a path planning problem in the configuration space 𝒞. The task of a path
planning algorithm is to compute a continuous path 𝜋 ∶ [0, 1] → 𝒞free in the free space
from an initial 𝜋(0) = qinit to a goal configuration 𝜋(1) = qgoal or to output a failure if such
a path does not exist. Different path planning algorithms differ from each other in terms of
completeness. A path planning method is considered complete, if the discovery of a solution
can be guaranteed in a finite amount of time and accurately report failure if no solution
is found. Since the complexity of complete algorithms is not viable for practical use, more
practical planners have been developed using the weaker concept of completeness [KF11].
Such planners can either guarantee resolution completeness or probabilistic completeness,
but cannot report if a problem is not solvable. Resolution completeness depends on the
resolution parameter to return a valid solution, if one exists. Probabilistic completeness
can guarantee that with an increasingly dense graph, the probability to find a solution
converges to one [LaV06].

Feasibility and optimality are the criteria to assess an outcome of a plan [LaV06]. A
feasible plan guarantees that the goal state is reached not taking any optimality criterion
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into account. An optimal plan is generated with respect to a predefined performance
metric, such as reaching a goal in minimum time or in an energy-efficient manner, where
the feasibility of the plan is assumed.

Further, path planning methods are differentiated between online and offline methods.
Offline path planning methods compute a robot’s path prior to execution. Such methods
are suitable for static environments or repetitive tasks, where no dynamic changes occur
along a robot’s path. On the contrary, online path planners compute a robot’s path
during motion which allows for an interaction of the robot with its environment. Online
path planning is usually required for highly dynamic and unstructured environments or
for robot-human interaction. In these cases, it is assumed that a robot’s path is allowed
to change during a robot’s motion [KW10].

In general, path planning algorithms can be divided into four categories: roadmap tech-
niques, cell decomposition methods, artificial potential field methods and sampling-based
planners [CG15; KL16]. They differ from each other in handling path planning problems
with different degrees of complexity. The first two path planning approaches are efficient
in solving a narrow class of problems by constructing one-dimensional roadmaps for two-
or three-dimensional problems, but suffer from weak scalability for more general cases
[KL16]. Moreover, the planners rely on an explicit representation of the obstacle space
𝒞obs [Cho+05]. Therefore, sampling-based planners were developed that were successfully
applied for high-dimensional configuration spaces and are suitable for a wide range of
robotic applications [KF11]. Sampling-based planners belong to the well-established mo-
tion planners in robotics and are freely accessible to the robotics community, e.g., via the
Open Motion Planning Library (OMPL) [ŞMK12], which is well integrated in the Robot
Operating System (ROS) [Sta18] framework.

𝒞obs

𝒞free 𝒞obs

𝒞obs

𝒞obs

qinit

qgoal

Figure 2.1: Path planning problem in configuration space.
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2.1.1 Roadmap techniques

The roadmap techniques reduce the 𝑁-dimensional configuration space to a set of one-
dimensional paths in 𝒞free by generating a graph [Cho+05]. Each obstacle is modeled
by a polygon, which requires an explicit representation of 𝒞obs. A graph is built by
connecting all pairs of nodes of different polygons. More precisely, each vertex of one
obstacle is connected to each vertex of another obstacle without violating the interior
of an obstacle. Thus, the one-dimensional paths lie in the free space and represent a
roadmap. A solution to the motion planning problem exists, if a continuous path can
be found from the initial to the goal configuration. In case multiple solutions exist, the
solution realizing the shortest path is chosen using the Dijikstra algorithm [Dij59]. There
are various types of roadmap algorithms, which are primarily based on either visibility
graphs [LW79] or Voronoi diagrams [Sug+09]. A solution obtained by a visibility graph
leads to a path closely following the boundary of obstacles, while a path generated by a
Voronoi diagram keeps maximum distance to the obstacles. Roadmap techniques belong
to complete algorithms.

2.1.2 Cell decomposition methods

Cell decomposition methods subdivide the free configuration space 𝒞free of the robot into
cells. Two cells are considered adjacent if they share a common boundary. Based on
the adjacency relationships between the cells, an adjacency graph is constructed, where a
node represents a cell and edges connect pairs of adjacent cells. The cell decomposition
method consists of two steps. In the first step, the planner determines the cells that
contain the initial and goal configurations. In the next step, a continuous collision-free
path is computed within the adjacency graph. This is realized by following adjacent cells
from initial to goal configuration [Cho+05]. In contrast to other path planning methods,
the cell decomposition method can be applied to achieve complete coverage, i.e., a robot
visits each cell in its 𝒞free [Cho+05].

Two main categories of decomposition techniques may be distinguished. The first category
is called the exact cell decomposition technique, where the free space is exactly subdivided
into non-overlapping trapezoidal or triangular cells. However, in some cases it is not
possible to exactly decompose the free space. Therefore, an alternative approach, namely
the approximate cell decomposition, can be applied. It is a recursive method that continues
to subdivide a cell into four smaller cells until each cell lies completely in free space [CG15].
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2.1.3 Artificial potential field methods

The artificial potential field (APF) approach was firstly introduced by Oussama Khatib
[Kha85] in 1986 as a collision avoidance method for a manipulator, where the principle is
introduced as follows:

“The manipulator moves in a field of forces. The position to be reached is an attractive
pole for the end-effector and obstacles are repulsive surfaces for the manipulator parts.”

The APF approach does not require an explicit representation of the configuration space,
i.e., 𝒞 = 𝒞obs ∪ 𝒞free. The search is carried out by an incremental exploration of the free
space and simultaneously determining a collision-free path. Consequently, the method is
applicable to a broader class of robots and high-dimensional configuration spaces, and is
not limited to Euclidean spaces.

The method is based on attractive and repulsive forces, where the robot acts as a positively
charged particle attracted to the negatively charged target. The obstacles act as positively
charged particles, provoking repulsive forces so that the robot finds a path from the start
to the goal configuration by avoiding them. Therefore, a potential function is defined as a
differentiable real-valued function 𝑈 ∶ ℝ𝑚 → ℝ. The gradient of the potential function 𝑈
can be interpreted as a force pointing in the direction of increasing potential and is given
by ∇𝑈(q) = [ 𝜕𝑈

𝜕𝑞1
(q), … , 𝜕𝑈

𝜕𝑞𝑚
(q)]

T
. Gradient descent method is applied

̇𝛾(𝑡) = −∇𝑈(𝛾(𝑡)), (2.4)

to compute a path 𝛾(𝑡) along the negative gradient of the potential function.

The robot’s motion ceases if the gradient of the potential function vanishes, i.e.,

∇𝑈(q∗) = 0 (2.5)

holds. However, the path may guide the robot to a local minimum that does not correspond
to the desired goal configuration. Presence of local minima is the main drawback of the
potential field method. Therefore, this class of path planning methods is not complete.
The advantage of the APF method lies in its ability to plan paths online, due to its
responsiveness to environmental changes detected by sensors [CG15].

To overcome the problem with local minima, several approaches were introduced. In 1989,
Warren [War89] introduced an APF method as a global path planner to determine the
entire path at once, which is less prone to local minima. This requires a priori knowledge
of the environment and can only be applied for static environments. Harmonic potential
field method was introduced, where potential (navigation) functions can be constructed
such that a unique minimum at qgoal exists [KK92; RK92]. However, navigation functions
can only be applied to a limited class of configuration spaces. An alternative to the former
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Obstacle

TargetObstacle

Robot

qstart

qgoal

Figure 2.2: Robot navigating through potential field, where obstacles exert repulsive forces
on the positively charged robot while the target attracts the robot resulting in a path from
start configuration 𝑞start to goal configuration 𝑞goal.

approach is the Randomized Path Planner (RPP) [Bar+96], where a series of random
walks is initiated to escape the local minimum once the robot gets trapped. Park et
al. [Par+08] extended the APF approach by introducing dynamic potential fields, which
allows to consider the velocity as well as the direction of the robot’s end-effector.

2.1.4 Sampling-based planners

Traditional methods, such as graph search techniques, are not capable of handling high-
dimensional configuration spaces, as they require an explicit representation of the config-
uration space 𝒞obs, which is computationally expensive. As a result, they are confined
to low-dimensional spaces and simple environments with only a few obstacles. Sampling-
based planners were developed to avoid reliance on an exact geometric representation of
𝒞obs, enabling them to manage high-dimensional spaces and obstacle-rich environments.
Sampling-based planners are typically designed for static environments and are classified
as global planners.

Sampling-based planners randomly select collision-free configurations (samples) of a robot,
referred to as sampling process, to construct a roadmap or a tree containing those samples.
For sampling, a collision-checking module is applied, which reports all geometric contacts
(collisions) between objects. Different types of collision detection algorithms can be applied
depending on the class of robots and the type of problem. Once the samples have been
generated, a path planning problem is solved by connecting the nearest samples to obtain
a collision-free path. The method can only guarantee probabilistic completeness, which is
the main disadvantage of the method. Randomness can impact the quality and optimality
of the solution. Sampling-based planners differ in their sampling methodologies and the
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data structures they employ. Sampling-based planners can be categorized into multi-query
and single-query planners [KL16].

Multi-query planners are employed for applications involving complex static environments,
where multiple paths need to be planned. A roadmap, containing collision-free samples, is
constructed only once to be reused for multiple queries [LaV06]. The most applied multi-
query sampling-based planner is the Probabilistic RoadMaps method [Kav+96], abbrevi-
ated as PRM. PRM generates probabilistic roadmaps by sampling random configurations
(vertices) of the robot and interconnecting adjacent vertices within a predefined distance
by a local planner, e.g., connecting two nodes by a straight line. Once a roadmap exists,
it can be used for new queries at any time in the same environment [LaV06]. However,
the method does not guarantee to find an optimal path. Optimal Probabilistic RoadMaps
(PRM∗) [KF11] is an advanced version of the PRM method that guarantees asymptotically
optimal paths.

The preprocessing phase to construct a roadmap is computationally exhaustive procedure,
while path planning queries can be obtained very fast [SL02]. Solving a path planning
problem in narrow passages is another drawback, where a path cannot easily be obtained
[KL16]. Therefore a post-processing step is required to improve the quality of the paths
[CG15]. A newly developed planner, the Hybrid Potential based Probabilistic Roadmap
(HPPRM) [Rav+20] has been proposed, that is based on PRM and the artificial potential
field method. The goal is to generate better planning queries with a smaller graph at
lower computational costs and higher success rate. Another approach addressing the issue
with narrow passages has been proposed for manipulators, which is based on a virtual
force field to increase the density of samples in the area of narrow passages. The method
proposes a better sampling technique and is applicable for manipulators with an arbitrary
number of degrees of freedom [Che+21].

Single-query planners are applied for a single planning query to find a path from a start
to a goal configuration. The method eliminates the need to create a global roadmap, i.e.,
preprocessing step is not required [KL00]. It explores only a part of the configuration space
by randomly sampling it and incrementally building a path towards the goal configuration.
The planners are based on constructing tree data structures rooted at the initial state.
Given the initial and goal configurations, which are vertices of the search graph, the single-
query planners attempt to determine a continuous path in the free configuration space by
expanding a single or multiple trees to connect the two initial vertices [KL16]. The vertices
are randomly selected configurations to bias the exploration towards unexplored regions
of the configuration space [KL00]. Single-query planners cannot guarantee to find an
optimal path attributed to randomly selecting samples. However, they are well-suited for
applications that require rapid path planning in complex and dynamic environments.
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The expansion of the tree data structure can be carried out in three different ways:

• Unidirectional: single tree, starting from initial configuration 𝑞init [LK01],

• Bidirectional: two trees, one rooted in the initial configuration 𝑞init and the other
tree in the goal configuration 𝑞goal [LK01],

• Multidirectional: multiple trees, rooted in multiple configurations [Str04].

Rapidly-exploring Random Tree (RRT) [LK01] or, a more general algorithm, the Rapidly-
exploring Dense Tree (DRT) [LaV06], represent the most applied single-query algorithms.
One of the most simplest and efficient variants of RRT is RRT-Connect which uses greedy
heuristic to connect two trees rooted in initial 𝑞init and goal configurations 𝑞goal [KL00].
There exist a wide variety of tree-based algorithms, such as Manhattan-like RRT [CJS08],
discrete RRT (dRRT) [SSH15] and subdimensional expansion [WC15], that are mainly
applied to more complex problem settings like multi-robot motion planning. An asymp-
totically optimal extension of dRRT, named dRRT* [Sho+20] has been proposed and
applied for four robotic arms, each with seven degrees of freedom solving a joint task.

2.2 Trajectory planning

Trajectory planning problem solves the task at what velocity and acceleration the robot’s
control system should execute the computed path subject to a selected optimality criterion,
for instance, minimum-energy or minimum-time. To obtain velocities and accelerations, a
trajectory should be at least twice-differentiable. Generating smooth trajectories is a pre-
requisite to limit jerks on robot’s actuators and to guarantee a good tracking performance
[CG15].

Similarly to path planning, trajectory planning can be performed either online or offline.
An online trajectory planning method can recompute the trajectory during a robot’s mo-
tion while the offline trajectory is planned beforehand to be executed subsequently. Online
trajectory planners are capable of reacting upon sensor events, such as unforeseen changes
in the environment, thus giving the robot the ability to operate within dynamic envi-
ronments. Another reason employing online trajectory planners is to improve trajectory-
following accuracy. Note, that the terms real-time and online are used as synonyms in the
context of path/trajectory planning [KW10].

In general, considering robotic applications in a static environment, trajectory planning is
preceded by path planning. For challenging applications, such as cooperation of robots or
human-robot interaction, high flexibility of a robot is required, where path and trajectory
planning may be solved at once. This is the case for point-to-point trajectories, where
the specification of additional waypoints along a path is not required or possible as the
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environment of the robot is continuously changing.

In general, a trajectory planning problem is solved by choosing an optimality criterion in
terms of minimizing or maximizing certain metrics subject to certain constraints. Speci-
fying an optimality criterion is crucial to assess the quality of the obtained solution. The
most prevalent are minimizing execution time, traveled distance, energy or jerk [CG15].
To solve a trajectory planning problem, optimal control theory is applied. In most cases,
the optimization problem cannot be solved analytically due to the complexity of the im-
posed kinematic and dynamic constraints of the considered robotic system. Therefore,
two numerical approaches have been developed: optimization-based method and grid-based
search [Cho+05].

2.2.1 Optimization-based methods

Consider a trajectory planning problem, which should be solved for a continuous-time
dynamical system given in its general form

̇x(𝑡) = f(x(𝑡),u(𝑡), 𝑡), (2.6)

where x(𝑡) describes the state vector of the system and u(𝑡) represents the control input
vector applied to the system. The basic idea of optimization-based methods is to formulate
a trajectory planning problem as an optimal control problem (OCP). Considering a robotic
arm system, the problem can be formulated either in the task space 𝒲 or the configuration
space 𝒞 of the robot. In case the interaction between the robot and its environment are
needed to be controlled, then the OCP is formulated as task space control [CFK16]. If the
main goal is path-following control, then the problem is solved by formulating the OCP
in the joint space resulting in a joint space control [CFK16]. Both kinds of control require
either inverse or forward kinematics of the robot. A general formulation of an OCP in
continuous time with states x(𝑡) and control inputs u(𝑡) is given as following

min
u(𝑡)

𝐽(x(𝑡),u(𝑡)) (2.7a)

s.t. ẋ(𝑡) = f(x(𝑡),u(𝑡), 𝑡), ∀𝑡 ∈ [𝑡0, 𝑡f] (2.7b)

x(𝑡0) = x0, (2.7c)

x(𝑡f) = xf, (2.7d)

h(x(𝑡),u(𝑡)) = 0, (2.7e)

g(x(𝑡),u(𝑡)) ≤ 0. (2.7f)

The objective function 𝐽(x(𝑡),u(𝑡)), also referred to as the cost function, defines a quality
criterion that the system should optimize. For instance, a time- or energy-optimal solution
is often sought to satisfy the requirements (criterion) of fast and efficient production pro-
cesses [Han+12]. In path-following control, the goal of trajectory planning is typically to



14 Chapter 2: State of the art

minimize tracking error, ensuring that the robot adheres closely to the reference trajectory.
The trajectory planning problem (2.7a) includes a set of constraints, such as the robot
dynamics formulated as an equality constraint in (2.7b) with a specified initial condition
(2.7c), where computation of the trajectory should start. The terminal constraint (2.7d)
enforces the system to reach the final state x(𝑡f) at the final time 𝑡f. The final time may
either be predefined or treated as an additional decision variable in the OCP. Addition-
ally, system limitations, such as maximum torque and obstacle avoidance, should hold and
can be incorporated into constraints (2.7e) and (2.7f) to ensure the safety of the robotic
system.

Smoothness of the objective function and constraints with respect to the decision variable
u(𝑡), i.e., at least once or even twice-differentiable, is an important prerequisite to solve the
OCP using numerical methods. Prior to solving the OCP, the infinite-dimensional prob-
lem (2.7) is discretized in time to obtain a finite-dimensional approximation. Thereafter,
the discretized OCP is solved by applying numerical methods for nonlinear programming
(NLP). In order to solve the continuous-time OCP (2.7) a direct or an indirect method
can be used [Bet98]. An excellent overview of numerical techniques to solve trajectory
optimization problems is given by Betts [Bet98]. For the convergence of the numerical
algorithm, it is important to obtain gradients and Hessians of the objective function and
constraints. By considering a linear robot dynamics, linear constraints and a quadratic
cost function, the NLP reduces to a quadratic programming (QP) problem. QP problems
are convex and thus possess a global optimum.

However, the real world is nonlinear and highly complex, and it is not always possible to
formulate an appropriate QP. For certain robotic applications, nonlinear robot dynamics
or non-convex collision avoidance constraints can be neither linearized nor neglected. Fur-
ther, the presence of discontinuities is “the biggest obstacle encountered in the practical
application of NLP methods” [Bet10]. Solving an NLP can be computationally expensive
due to numerical evaluations of gradients and Hessians of the objective function and a po-
tential large number of constraints. There exist several well established trajectory planners
for manipulator systems, which are widely used for different robotic applications, such as
Stochastic Trajectory Optimization for Motion Planning (STOMP) [Kal+11], Covariant
Hamiltonian Optimization for Motion Planning (CHOMP) [Rat+09] and Trajectory Opti-
mization for Motion Planning (TrajOpt) [Sch+13]. STOMP and CHOMP realize collision
avoidance by adding the Euclidean distance between the robot and the obstacles as a
penalty term to the cost function. TrajOpt incorporates convex-convex collision checking
as constraints to the OCP and solves it by means of sequential quadratic programming.
In general, these methods are applied for static environments and a robot having a fixed
goal.
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2.2.2 Grid-based search methods

Grid-based search methods determine a path within a discrete grid environment. The
environment is divided into a grid of cells, where each cell represents a state. Different
types of search algorithms can be utilized to obtain a path from robot’s initial to its target
state. For instance, the breadth-first search (BFS) algorithm generates a search tree in a
breadth-first fashion. Each node corresponds to a state, where the initial state forms the
root of the search tree. Each level of the tree is obtained by applying discretized control
inputs and computing states. In case the trajectory to a new node in the tree transits or
comes close to an obstacle or violates specified requirements, for instance maximum speed
or acceleration, the node is pruned from the search tree. The search is terminated when
the goal state lies in a region with a certain tolerance specified by the user. The drawback
of the grid-based search methods is the exponential growth in the dimension of the state
space of the search tree. This limits the applicability of the approach for high-dimensional
systems [Cho+05].

2.2.3 Alternative approaches

Artificial potential field (APF) method, introduced in Sec. 2.1.3, can be adapted to be
applied for trajectory planning problems. The APF method can either be extended by a
subsequent time parametrization, once a path has been obtained or by incorporating veloc-
ities and/or accelerations as dynamic constraints in the formulation of the APF problem
[Cho+05].

Marcucci et al. [Mar+23] propose a newly developed approach, called Graph of Convex
Sets (GCS), that combines trajectory optimization and convex optimization techniques for
graph search. The corresponding optimization problem is a mixed-integer problem, where
safe regions for the robot are defined to reach the final state and within these regions
the optimal trajectory is solved. The algorithm was tested on experiments using a seven
degrees of freedom (DoF) robotic arm manipulator.

2.3 Model predictive control

Model predictive control (MPC) is an optimization-based control method that predicts a
system’s future behavior based on a dynamical model of the underlying system [May+00;
MH07]. MPC is an iterative approach, where the optimization problem is typically for-
mulated for a finite prediction horizon and solved for each time step to obtain optimal
control inputs in the future. MPC is also referred to as Receding Horizon Controller as
the optimization problem is solved repeatedly over a shifted finite horizon [BBM17]. The
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merits of the MPC framework are its predictive nature and the effectiveness in dealing
with multivariable constrained control problems which makes the method appealing and
extremely powerful for a wide range of industrial applications [Sch+21].

2.3.1 Mathematical formulation

In general, MPC as an OCP solves the path and trajectory planning problem at once by
considering the kinematics and dynamics of a robot in the constraints of its optimiza-
tion problem. In general, MPC problems are solved by applying direct methods which
transform the continuous-time OCP (2.7) into an NLP by discretizing in time. Multiple
shooting [Die+06], as a direct method, uses a full discretization, i.e., the states x𝑘 ∶= x(𝑡𝑘)
as well as control inputs u𝑘 ∶= u(𝑡𝑘) are uniformly discretized at time steps 𝑡𝑘 = 𝑡0 +𝑘⋅𝑇s

over a prediction horizon length 𝑁p. Furthermore, with the following short-hand notation

x0∶𝑁p = x0,x1, … ,x𝑘, … ,x𝑁p and u0∶𝑁p−1 = u0,u1, … ,u𝑘, … ,u𝑁p−1, (2.8)

the general mathematical formulation for discrete-time MPC is given by

min
u0∶𝑁p−1,x0∶𝑁p

𝐽 f(x𝑁p) +
𝑁p−1

∑
𝑘=0

𝐽 c(x𝑘,u𝑘) (2.9a)

s.t. x𝑘+1 = 𝑓(x𝑘,u𝑘), 𝑘 = 0, … , 𝑁p − 1, (2.9b)

x0 = xs, (2.9c)

x𝑘 ∈ 𝒳, 𝑘 = 0, … , 𝑁p, (2.9d)

u𝑘 ∈ 𝒰, 𝑘 = 0, … , 𝑁p − 1, (2.9e)

consisting of a cost function subject to a set of constraints.

The objective function (2.9a) consists of running costs ∑𝑁p−1
𝑘=0 𝐽 c(x𝑘,u𝑘) over the pre-

diction horizon and terminal cost 𝐽 f(x𝑁p) at final time step of the prediction horizon.
Discrete-time MPC subject to a terminal constraint as in equation (2.7d) may result in an
infeasible problem due to the finite prediction horizon length. To address this issue, the
constraint is relaxed and added as a terminal cost 𝐽 f(x𝑁p) to the objective function. The
minimization problem (2.9) is subject to system’s dynamics (2.9b), which can be linear or
nonlinear, initial condition (2.9c) and equality and/or inequality constraints in states and
control inputs (2.9d)-(2.9e) depending on the physical limitations or requirements of the
considered system.

The basic idea of MPC is illustrated in Fig. 2.3. In the given example, the objective is
to realize trajectory-following control ensuring that the system closely follows the given
reference trajectory. At time step 𝑡0, the open-loop OCP (2.9) is solved over a finite
prediction horizon length 𝑁p using the system’s measured state x0 as initial condition.
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The solution of the optimization problem are optimal sequence of states x∗ 0∶𝑁p and control
inputs u∗ 0∶𝑁p−1. To close the open-loop, the first optimal control input u∗ 0 is applied to
the system and the prediction horizon is shifted one time step further. Subsequently, the
reaction of the system on the last optimal input is measured at the time instant 𝑡0 + 𝑇s.
Based on that information the open-loop optimal control problem (2.9) is solved again
over the shifted prediction horizon. This procedure is repeated at each time step until the
measured state of the plant is sufficiently close to the desired state.

2.3.2 Control schemes

Over the decades, MPC has evolved to handle large-scale systems prevalent in many
engineering fields. Although the Centralized MPC solves a global optimal control system
at once, the centralized scheme is often impractical and impossible to be applied for
large-scale and networked systems [VRW07]. Reasons for this are versatile, such as spatial
distribution of the system’s components, considerable computational complexity in solving
the centralized problem online, scalability issues resulting from a large number of decision
variables and constraints to be solved as the system grows, difficulties in obtaining a
dynamical model of the overall plant and lack of modularity to integrate new subsystems.
Still, the centralized MPC serves as a benchmark control framework for assessing other
controllers. It became evident that decomposing the large plant-wide problem into a set
of simpler and smaller subproblems is more practical [RM09]. Thus, decentralized and
distributed MPCs emerged to handle a set of subsystems instead of a large-scale system

Past Future
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Reference trajectory
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Figure 2.3: Model predictive control scheme with shifted prediction horizon illustrated as
white window.
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in a more computationally efficient and application-dependent manner.

Decentralized MPC may be applied for plants, where the interaction between the subsys-
tems can be neglected, and thus, communication is not required. Nevertheless, using a
decentralized control scheme typically results in a worse system-wide control performance
compared to the centralized scheme [VRW07]. Therefore, a Distributed MPC is often
chosen, where the inter-subsystem communication is allowed to share the predicted states
and input trajectories to solve each subsystem’s individual optimization problems. Both
types of MPC schemes, decentralized and distributed, scale well with the size and com-
plexity of the large-scale system and allow the design of a more reliable system where
subsystems might fail during operation. In addition, both schemes have a lower compu-
tational burden than the centralized scheme. The primary limitation of applying MPC in
the industry is the substantial modeling effort required, which can be exceedingly time-
consuming [Hen98; Sch+21]. Another drawback of MPC is the considerable computational
burden associated with solving the constrained optimization problem within the restricted
time frame dictated by the system’s sampling time [VDS11].

Solving a constrained optimization problem over a finite prediction horizon within a fixed
sampling period requires efficient computer hardware and solvers. Initially, MPC was ap-
plied for processes with slow dynamics, where the sampling times are typically hours or
days [QB03]. MPC was first applied in the petrochemical industry to handle multivariable
constrained control problems [CR79]. Nowadays, with advances in computational power
and robust numerical algorithms, the application of MPC spread not only to a broader
range of engineering fields, such as building energy management systems (heating, ven-
tilation and air conditioning (HVAC)) [Drg+20; THR22], manufacturing [Sch+21], but
also agriculture [Din+18] and medicine [Haj+18]. In the last decade, systems with fast
dynamics in the range of ms received significant attention. Areas where MPC was applied
successfully include power electronics [Vaz+14], robotics [SZ21], or automotive systems
[Sul+17]. The widespread use of MPC can be attributed to the availability of efficient
OCP frameworks, such as ACADO [HFD11] or CasADi [And+19] and other similar tools,
which systematically incorporate system dynamics and constraints within a receding hori-
zon framework.

2.3.3 Collision avoidance

In general, developing a collision avoidance strategy for a robot operating in a dynamically
changing environment is a challenging task that remains a subject of extensive research in
robotics [ZLB21; Mav+21]. Protection of both the human body and the robotic structure
is essential. Simply stopping the robot upon detecting a potential collision is not an
efficient solution [Had+08], as it may obstruct the human or other robots from completing
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their tasks [HDA17]. This section presents various approaches to collision avoidance that
are suitable for integrating into an OCP.

In general, a collision avoidance strategy typically consists of two parts:

1. A geometric representation of collision-prone bodies, where these bodies are enclosed
within convex shapes.

2. A collision-checking method that guarantees a safe distance between the collision-
prone bodies.

The bounding volume (BV) method is considered as the state-of-the-art technique for
the geometric representation of collision-prone bodies. This method is based on the idea
to enclose objects within simple geometric shapes and checking for intersections between
the BVs of these enclosed objects. Convex shapes such as spheres, cylinders, and other
similar forms are typically used to represent full-dimensional objects. A new family of
BVs was introduced by Larsen et al. [Lar+99] to achieve a tighter fit to the original shape
of the objects. This method involves sweeping a certain radius over all points of a core
primitive shape. The most applied swept sphere volumes are the point swept sphere (PSS)
in the form of a sphere, the line swept sphere (LSS) representing a spherocylinder and the
rectangle swept sphere (RSS) yielding a rounded box. For instance, LSSs are ideally suited
to enclosing elongated objects, such as robot links.

The most commonly used collision-checking method is the GJK algorithm, often referred
to as convex-convex collision-checking [GJK88]. This method is widely applied in both
robotics [Sch+13; Mav+21] and computer graphics [JTT01; Ake+18]. The GJK algorithm
computes the minimum distance between two convex sets by applying the Minkowski sum.
Each object is represented by a polygon, and the goal is to determine the closest points
of the two polygons and compute the Euclidean distance between them. The method
operates on the principle that the distance between two convex sets and the origin is used
instead of directly computing the distance between the convex sets, which are effectively
the same. In the literature, the Euclidean distance metric is often used between isolated
points distributed across a robot’s body, resulting in a set of overlapping spheres, and
obstacles enclosed by spheres [Rat+09; Kal+11; PPM12; Fla+12; Zub15; Nav+16; LX19;
Zha+20; Tik+20].

Another approach that is frequently used, is the algorithm introduced by Lumelsky
[Lum85] in 1985 to compute minimum distance between collision-prone bodies represented
by line segments. Each line segment is formulated as a parametric equation

u = p𝐴
𝑖 + 𝛼(p𝐵

𝑖 − p𝐴
𝑖 ), 𝛼 ∈ [0, 1], (2.10a)

v = p𝐴
𝑘 + 𝛽(p𝐵

𝑘 − p𝐴
𝑘 ), 𝛽 ∈ [0, 1]. (2.10b)

The minimum distance between both line segments is obtained by solving an optimization
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Figure 2.4: Two bodies 𝑖 and 𝑘 are encapsulated within LSS with radii 𝑟𝑖 and 𝑟𝑘. A
minimum distance 𝑑min between two LSSs is computed by applying the algorithm from
Lumelsky [Lum85].

problem, where the parameters 𝛼 and 𝛽 represent decision variables

𝑑min = min
𝛼,𝛽

||u − v||2 (2.11a)

0 ≤ 𝛼 ≤ 1, (2.11b)

0 ≤ 𝛽 ≤ 1. (2.11c)

The method can also be applied to compute distances between collision-prone bodies
modeled as LSS [CCB90; Cas+09; Die+11; Log+18; Krä+20]. Fig. 2.4 illustrates two
bodies represented by LSSs having the radii 𝑟𝑖 and 𝑟𝑗, where the minimum distance 𝑑min

is computed using the algorithm from Lumelsky.

In 1986, Faverjon and Tournassoud [FT87] presented the velocity damping (VD) approach,
which can be incorporated as a collision avoidance constraint within an OCP. The method
is based on restricting relative velocities between two collision-prone bodies to slow down
the motion as they approach each other. The method is described in detail with reference
to Fig. 2.5. Bodies 𝑂1 and 𝑂2 represent two objects prone to collision, where p1 and p2

are the closest points of the respective bodies. A normal vector n is defined as

n = p2 − p1
||p2 − p1||2

. (2.12)

The minimal proximity of the two bodies should be greater than the safety distance 𝑑s.
To realize this, an inequality constraint is formulated

nT( ̇p1 − ṗ2) = nT(Jp1
− Jp2

)q̇ ≥ − 𝑑 − 𝑑s
𝑑𝑖 − 𝑑s

, for 𝑑 < 𝑑s, (2.13a)

where 𝑑𝑖 describes the influence distance at which the constraint becomes active. The
difference 𝑑 − 𝑑s calculates the distance along n, while Jp1

and Jp2
are the Jacobian

matrices for 𝑂1 and 𝑂2 determined respectively at points p1 and p2. The vector q denotes
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Figure 2.5: Two collision-prone bodies 𝑂1 and 𝑂2, where a certain distance threshold 𝑑s

should hold.

the joint velocity. The method gained a significant popularity in handling self-collision
avoidance for humanoid robots [Kan+10; Die+11; Zho+16]. It was also applied for space
manipulator avoiding obstacles in a static environment [WLW16] as well as the collision
avoidance strategy between two robotic arms [BH09].

The main challenge of the collision avoidance methods mentioned previously lies in the
distance function, which contains nested logical conditions with non-smooth derivatives.
Additionally, describing a manipulator’s motion requires mapping between Cartesian space
and configuration space, necessitating the use of forward and inverse kinematics. When
the OCP is formulated in configuration space, forward kinematics introduces nonlinear
constraints. These non-smooth and nonlinear constraints make the OCP difficult to solve.
To address this, interior-point methods from nonlinear optimization can be employed, con-
verting the problem into an unconstrained one. An alternative approach is to use sequential
quadratic programming (SQP), which linearizes the nonlinear constraints [FGW02].

2.3.4 Review for robotic arm systems

In the following, a review of MPC-based trajectory planners for single manipulator systems
is presented, with a focus on studies that have demonstrated successful implementation in
real-world applications.

In robotics, motion control strategies for manipulators are generally divided into path-
following control and point-to-point motion. Tasks, such as milling, assembly or welding
require path-following control. In the last decade, numerous works emerged that realize
path-following control along a Cartesian path with MPC. Although the path is defined a
priori, the velocities (and accelerations) need to be determined. The advantage of path-
following MPC compared to offline methods are the feedback law and the freedom to
trade off between productivity and accuracy [Dui+16]. An additional requirement for
path-following problems is force control, where the robot must exert a desired force along
the pre-computed path to perform tasks such as milling or sawing. A number of works
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realized real-time capable implementations of the path-following approach on experiments
utilizing a single robotic arm [LMG11; Fau+17; Mat+17; AGG17; GVG23]. Carron et
al. [Car+19] introduced a novel approach by combining data-driven models with MPC
to achieve high tracking accuracy for a non-industrial, compliant robotic arm with low
stiffness and limited actuation power. An experimental validation on a six DoF robotic
arm was performed and different types of controllers, such as PID controller and several
MPC schemes, were investigated and compared.

Predefined paths are not always beneficial, as they introduce an additional layer of com-
plexity to the motion planning task. Numerous works were recently published that em-
ployed MPC to generate point-to-point trajectories, e.g., for a ball-catching task [Ard+15;
And+19], moving target positions [Krä+20] or pick-and-place tasks [TGB22; Mav+21].
Mavrommati et al. [Mav+21] demonstrated the potentials of MPC for a manipulator op-
erating in a warehouse environment in presence of static and dynamic obstacles. The
collision avoidance with the environment was realized using the GJK method.

To enhance the reachability of manipulators, mobile manipulation, which combines a mo-
bile base with a robotic arm, has garnered increasing interest. Path-following control using
nonlinear MPC has been applied in real-time simulations for both a single manipulator
and a mobile manipulator, as demonstrated in [Zub15]. In this work, collision avoidance
relied on the distance function between specific test points on the robot’s body and the
center points of obstacles. An online NMPC-based approach for optimal grasping with
a mobile manipulator system was carried out in [Log+18]. Li et al. [LX19] addressed a
mobile manipulation system that must maneuver while avoiding humans along its path.
The authors proposed an MPC-based approach where humans are treated as dynamic
obstacles. For collision avoidance, the robotic system was represented by a set of points
uniformly distributed along both the manipulator’s body and the mobile base. The mini-
mum distance between the robotic system and obstacles was computed to ensure collision
prevention.

MPC has gained substantial popularity in space manipulation, HRI, and humanoid robot
locomotion. For space manipulation, Wang et al.[WLW16] formulated a trajectory plan-
ning problem using NMPC, where the space robot consists of a spacecraft and an n DoF
manipulator. Rybus et al.[RSS17; Ryb18] investigated a free-floating manipulator mounted
on a satellite, considering a fully nonlinear system model. The objective of the NMPC
was to minimize the power consumption of the manipulator motors while following a pre-
computed reference trajectory without considering obstacles. The authors emphasized
the high computational costs associated with NMPC, rendering it unsuitable for real-
time applications with manipulators having more than four DoF. Collision avoidance with
static obstacles was addressed using the VD approach. In the context of HRI, Krämer et
al. [Krä+20] proposed an MPC approach that plans the robot’s trajectory in the presence
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of a human worker and a moving target pose. The human worker was treated as a dynamic
obstacle in the robot’s workspace, and BVs encapsulate both the robot and human bodies.
To ensure safety, the Lumelsky algorithm computes the Euclidean distance between the
robot links and the obstacles. A smooth motion of the robot in the presence of obsta-
cles was achieved by adding separation costs to the objective function of the OCP and
formulating the problem with a self-developed hypergraph [Rös+18]. The approach was
validated through experiments. Due to the compliant structure of robotic arms and the
high number of DoF that must be considered in the case of humanoid robots, some works
have shown that MPC for motion planning significantly outperforms other approaches
[RHK15; Bes+16]. The MPC framework enables the simultaneous generation of trajecto-
ries for the Zero Moment Point (ZMP) and Center of Mass (CoM) while satisfying both
kinematic constraints and the ZMP balance condition. Numerous works have applied
MPC as a trajectory planner, with successful experimental validation of the algorithm
[Fen+16; Nav+16; Sci+20]. Moreover, in highly cluttered environments such as those
encountered in home assistance or bin-picking, humanoid robots must find feasible paths
by reaching into clutter. Killpack et al. [KKK16] successfully applied MPC to a seven
DoF robotic arm of a humanoid robot operating in dense clutter. A dynamic MPC was
presented, incorporating the robot’s dynamics in contact with its environment into the
MPC framework. The performance of the dynamic MPC was experimentally evaluated in
multi-contact scenarios, demonstrating the efficacy of the proposed method.

Robotic manipulation requires visual sensing to manage bin-picking or pick-and-place tasks
involving many objects and to handle dynamically changing environments with moving
targets. A key challenge in this context is the occlusion problem, which arises when objects
of interest become obscured from the robot’s vision system. Occlusion can occur due to
moving targets, obstacles blocking the line of sight, or self-occlusion, where the robot’s
own links obstruct its view of the target. These issues can be mitigated by employing an
optimization-based controller that adjusts the vision system to avoid occluded viewpoints
and modulates the robot’s movements to reduce self-occlusions. MPC-based approaches
addressing these challenges have been proposed and experimentally validated in several
studies, including [Log+18; Bha+21; He+22].

2.4 Multi-robot systems

Over the past decades, multi-agent systems (MAS) have attracted considerable attention
[Woo09; Cao+13; SY21]. MAS describes a group of interacting agents to accomplish
a common goal by cooperating and coordinating their behavior [Woo09]. In the 1980s,
the first works dealt with coordination and pathfinding problems for systems involving
multiple robots [FH86; Tou86]. Such systems aimed to achieve common goals, such as
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cooperative manipulation, formation and exploration, search and rescue, flocking, etc.
An excellent overview of different MAS applications can be found in [DB17] and in the
references therein.

This section focuses on multi-robot systems (MRS), representing a set of robots accom-
plishing tasks in the same environment [FIN04]. Multiple robots working together can
carry out more complex tasks, work efficiently, increase the reliability of the overall sys-
tem, and realize tasks that are infeasible for a single robot. However, employing MRS is
challenging, where various problems, such as task allocation, coordination, communica-
tion, safety, and many other issues, must be solved [KHE15]. This is referred to as the
task and motion planning (TAMP) problem, where tasks have to be assigned to individ-
ual robots to achieve a robotic team’s desired (optimal) behavior, followed by solving the
motion planning problem for each robot to complete the tasks. The TAMP problem can
be viewed as discrete high-level task planning and continuous low-level motion planning,
where the interplay between the two layers has to be managed as well [Gar+21].

Cortés and Egerstedt formulated four requirements for MRS that have to be satisfied
[CE17]:

1. Each robot acts upon local information that is available through perception or com-
munication between the robots (agents).

2. The control scheme must scale to multiple robots.

3. Safety needs to be ensured between the robots as well as their environment.

4. The global properties of the system must result from the local interaction rules.

2.4.1 Review

This section reviews works on MRS involving manipulator systems. Extensive research
has been conducted in the field of MRS involving Unmanned Aerial Vehicles (UAVs) and
Unmanned Ground Vehicles (UGVs) [Mad+21], while literature dealing with a group of
manipulators interacting with each other is sparse. Application of multi-arm robotic sys-
tems can be grouped into two categories: cooperative manipulation and assembly [Hay86].

Cooperative manipulation of a single object has been studied for several years, as heavy
payloads and dexterity require multiple manipulators to cooperate. A wide range of tasks
exist for cooperative manipulation, such as transporting objects in warehouses, assembly,
or search and rescue. By jointly carrying an object, the robots are physically coupled, re-
sulting in a closed kinematic chain. Thus, kinematic constraints on each robot’s position
and velocity must be considered, and the interaction forces need to be analyzed [EH16].
The task of each robot’s controller is to evenly distribute the load among the robots by
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applying a suitable force on the object in dependence on other robots’ end-effector forces.
To reach this goal, an impedance controller is usually applied [Hog84]. A suitable com-
munication strategy must be chosen for the robots to control internal forces during their
collaborative tasks. Although deploying a centralized communication scheme gives global
information about the overall system, the scheme has several limitations, such as a lack of
scalability, the assumption of sharing global information with the agents, and a high com-
putational burden to solve the overall problem. Thus, either distributed [Alo+15; Mar18;
DH20; HWL21; ZJW23] or decentralized [YSV21] communication typologies are proposed
to handle cooperative manipulation. Dohmann et al. [DH20] developed an event-triggered
distributed control scheme to reduce the rate of communication between the robots. To
further increase the reachability of the manipulators, mobile platforms are used, where a
manipulator is fixed on a mobile base and a common manipulation is performed [Alo+15;
Mar18; Zha+21]. This allows for transporting a manipulated object from point A to point
B, e.g., in a warehouse. An impressive work has been conducted by Yan et al. [YSV21]
that deals with heterogeneous multi-robot teams involving fixed-based and mobile-based
robotic arm systems, performing collaborative manipulation tasks. The authors devel-
oped a decentralized ability-aware adaptive controller under input constraints. Moreover,
uncertain physical parameters of the manipulated object and environment are assumed,
which is the case in real-world applications, guaranteeing stability and convergence.

Turning attention to the second category, assembly tasks in MRS can reduce working
space, assembly time and increase overall efficiency. Similarly to a single robot system,
a common goal, e.g., a minimum execution time or an energy-efficient solution, can be
prescribed. Since robotic arm systems are stationary relative to their base, incorporating
multiple manipulators enhances the system’s reachability through collaboration among
the robots. In contrast to a single robot, MRS can solve more complex assembly tasks,
possibly substituting still required human workers. However, multiple issues arise when
dealing with a fully autonomous MRS. These include task coordination, which involves
assigning tasks to each robot individually, and planning collision-free paths for each robot
to achieve a common goal.

Unlike cooperative manipulation, MRS performing assembly tasks are kinematically de-
coupled, but each robot still needs to consider the motion of surrounding robots. In-
deed, an efficient collision avoidance strategy in multi-robot systems operating in a shared
workspace is crucial, as collisions with the environment and between the robots must never
occur. Due to the robots’ complex kinematic chains, the full-dimensional geometry of each
robot’s links must be considered to guarantee a safe operation. Since the late 1980s, the
problem of planning collision-free paths for MRS involving manipulators has been analyzed
[FH86]. In the beginning, heuristic methods were proposed, where only a single robot was
allowed to move to avoid collisions [OL89] or a time scheduling method based on a collision
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map was presented [LG87]. For the first time, in 1990, Chang et al. [CCB90] introduced a
constrained nonlinear OCP solved by a conjugate gradient method with barrier functions
for two robotic arms sharing a common workspace. Since then, only a few works have
emerged that allow for multiple manipulators to cooperate freely, i.e., path planners that
can compute trajectories online.

Conservative collision avoidance approaches involve the computation of intersection re-
gions between the robots’ assumed precomputed paths. One approach is based on com-
puting shadow spaces in a two-dimensional workspace and further discretized into grid
cells [YCH19]. By combining the shadow spaces of the robots, a shadow space matrix was
obtained, and collision-potential regions were determined. Collision-free coordination of
tasks was performed by applying a genetic algorithm. Afaghani et al. [AAA23] presented
a collision avoidance scheme based on a collision map computed a priori. Robots could
only move in the shared workspace if no collisions had been detected. Once collisions were
detected, time delays were added to the trajectory of the involved robots to avoid intersec-
tions. Multiple authors [OL89; AH02; MS13; Lee+14] have proposed similar approaches
for the coordination of robots utilizing delays and identifying collision zones to avoid col-
lisions between the robots, resulting in idle times during operation. The above-mentioned
approaches rely on executing precomputed paths.

More promising concepts allowing for a greater flexibility in MRS are optimization-based
methods. However, the number of works that consider collision avoidance between ma-
nipulators remains limited. Cascio et al. [Cas+09] applied BV using LSS to enclose the
geometry of robots’ links or objects and formulated a minimum distance function between
two potentially colliding bodies. Additional decision variables were introduced for each
collision-prone pair to overcome the problem of nested logical conditions in the distance
function. The dimension of the optimization problem increases linearly with the number
of obstacles. For a robot-robot cooperation, the authors formulated a minimum-time cen-
tralized motion planning, where each manipulator is considered a dynamic obstacle for
the other robot. The algorithm was applied to two simple 2 DoF robotic manipulators.
Similarly to the previous work, Bosscher et al. [BH09] applied the BV method for geomet-
ric representation of the robots and formulated a distance function as collision-checking
method between the BVs. The proposed algorithm obtained optimal collision-free trajec-
tories, where the optimization problem was solved in a centralized fashion. Experimental
validation was performed on two six DoF manipulators sharing the same workspace. How-
ever, the authors did not report the control rate as well as the computation times of the
algorithm. Tika et al. [TB21; TB24] developed a minimum-time collision-free online tra-
jectory planning approach for two robotic manipulators. Collision avoidance was realized
by approximating the robots’ geometry by smooth Bézier curves, and the minimum dis-
tance between Bézier curves was incorporated into the constraints of the MPC problem.
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The synchronicity of two robots sharing a common workspace is enforced to avoid unfore-
seen events, e.g., deadlocks. So far, all of the previously mentioned approaches applied a
centralized scheme, which limits scalability.

Meanwhile, more complex assembly tasks can be performed by MRS, such as peg-in-hole
tasks [Lee+22], screw assembly [SN11], furniture assembly [Kne+13; SZP18] and construc-
tion assembly [Ade+18; Dog+19; Har+23]. An impressive study by Suárez-Ruiz et al.
[SZP18] showcased the capabilities of state-of-the-art robotic methods, validated through
the assembly of an IKEA chair by two robots. The authors reported that it took slightly
over 11 minutes to plan the robots’ trajectories and almost 9 minutes to execute them.
This example highlights that significant time was devoted to motion planning, which could
have been minimized if collision-free paths were determined online during execution. It
should also be noted that collision avoidance becomes more challenging as the construction
grows, limiting the robots’ operational range [Par+17]. A recent work by Hartmann et
al. [Har+23] undertakes the first step to realize long-horizon assembly tasks for heteroge-
neous multi-robot setups. The authors proposed to break down the long-horizon assembly
problem into a set of short-horizon subproblems containing a subset of robots and assigned
tasks. The order of solving the subproblems was determined heuristically. At first, a set
of setpoints was computed by applying an optimization-based approach. Further, path
planning was conducted using a novel bi-directional space-time embedded RRT method
that considers previously planned trajectories of the robots. The authors presented their
approach for up to 10 robots assembling 15 to 113 objects on sophisticated simulation
setups and experimental scenarios with two robots. However, the authors mentioned that
the method is far too slow for online execution.

2.4.2 Deadlocks

In a multi-robot setup, where robots operate closely to each other, more than a task-based
controller with an incorporated collision avoidance strategy is needed to guarantee that
the robots reach their target states. Robots may block each other, causing a situation
where none or only a subset of robots can proceed with their task without violating
safety requirements, i.e., collisions between the robots or the surrounding environment are
unavoidable. Thus, each robot stops moving and waits until the situation is resolved. This
situation is referred to as a deadlock. Such states of the system can also be described as
undesired local minima that a system should not converge to, as the robots would not reach
their target states. Moreover, once a robot of an MRS is forced to stop temporarily, e.g.,
in case of passing-by humans, it should not affect the rest of the system to stop [ČGF16].
Such disturbances should be taken into account locally without causing a global delay.
Therefore, coordination between the robots is necessary to ensure safety and increase
performance [GLS21].
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The ocorrence of deadlocks in MRS was already mentioned by Faverjon [FT87] while
introducing the velocity damping approach in 1987. In 1989, O’Donnell and Lozano-Pérez
[OL89] proposed a trajectory coordinator for manipulators that fulfills four tasks:

• Each manipulator’s path should be planned independently.

• The planned trajectories should lead the robots to their target states.

• Execution of trajectories should be possible without time coordination between the
robots.

• The robot’s safety should not depend on the exact execution of the trajectories.

The authors introduced a solution based on scheduling, where two manipulators were
coordinated asynchronously, i.e., one robot at a time was allowed to perform a task.
At the same time, the other robot waited until its task space became collision-free and,
thus, deadlock-free. This was realized by adding an idle time at the beginning of the
precomputed trajectory of the waiting robot. The authors considered a structured and
well-known environment without any unforeseen obstacles.

One approach for resolving deadlocks is to instruct individual robots to replan their trajec-
tories until their motions are deadlock-free [JN01]. Another method for resolving deadlocks
involves adding perturbation terms to the robots’ controllers, enabling them to overcome
standstill situations [RSS16; WAE17]. However, no formal guarantees exist that the robots
would not be trapped again in a deadlock or violate safety requirements [GLS21]. Lately,
control barrier functions gained increasing popularity as a safety-critical controller to co-
ordinate robots in a multi-robot system. An excellent overview of this method is given
in [Ame+19]. Grover et al. [GLS21] analyzed control barrier functions based quadratic
programs (CBF-QPs) that were applied as local controllers in a distributed framework for
a MRS involving mobile robots. CBF-QPs were formulated to ensure safety and a goal
stabilization. Due to the distributed control scheme, CBF-QPs are prone to deadlocks.
The authors proved that robots being trapped in a deadlock are on the verge of violat-
ing safety constraints. The authors proposed a deadlock resolution scheme in which the
robots rotate around each other, forming a centroid until their positions are exchanged.
Thereafter, the local PD controller of each robot is applied to ensure a safe distance be-
tween the robots. Although this scheme might be practical for mobile bases, it cannot
be applied for manipulators with fixed bases. The work of Čáp et al. [ČGF16] showed
that reactive collision-avoidance methods in MRS, e.g., such as ORCA [BGL11], often
lead to deadlocks, where the robots execute the same reciprocal reactive algorithm except
the robot that is disturbed. As a precise execution of trajectories by all robots cannot
always be guaranteed, such systems are prone to deadlocks. To alleviate this issue and
make MRS more reliable, Čáp et al. [ČGF16] suggested a control law that allows robots
under disturbance to deviate from the planned trajectory, i.e., by temporarily stopping or



2.4 Multi-robot systems 29

delaying while executing the computed trajectory without causing a global delay of the
system.

Works dealing with deadlocks caused by multiple mobile robots exist to some extent
[JN01; ČGF16; Tal+18; Zha+21; GLS21], while the number of works considering multiple
manipulators is very sparse. Some research addresses the issue of deadlocks but do not
offer effective resolution strategies [Dek+18]. The following works [AA14; ZA15; AAA23]
proposed a method to handle deadlocks in a setup of multiple robotic manipulators where
deviations from predefined paths are restricted. Collision avoidance was realized by adding
time delays, resulting in a shifted trajectory of the robot that received the next target state.
Collision checking was performed using a collision map, which is highly time-consuming.
Time delays are computed during execution. A deadlock resolution approach was initiated
in case the time-shifting method fails in unavoidable collisions. Their approach was based
on incrementally sending manipulators to an escaping position until the deadlock was
resolved. However, only one robot was allowed to proceed with its motion while all the
other robots waited.

2.4.3 Multi-robot task allocation

Planning a coordinated sequence of motions is the objective of the multi-robot task allo-
cation (MRTA) problem, where a set of tasks is to be optimally assigned to a set of robots
while satisfying a set of constraints. Finding the optimal sequence of tasks to be assigned
to a single robot is equivalent to the traveling salesman problem (TSP) [App+07], where
a robot (salesman) visits the given number of goal states (cities) at minimum costs. The
MRTA problem, also called scheduling, can be described as a multiple traveling salesman
problem (mTSP) owing to the similarity between the two problems [Bek06]. Multiple
robots (salesmen) travel to several goal states (cities) to achieve a common goal, e.g., min-
imize total distance or total time, that is to be formulated as the objective of the mTSP
problem. Further, various MRTA problems can be considered, such as heterogeneous
robots and different types of tasks. Each robot in a team might have its own restrictions,
e.g., operating with a certain velocity or energy level [BHK13].

Most scheduling approaches for robotic manipulators focus on cyclic tasks, i.e., a robot
visits all its task points only once and returns to its initial configuration afterward. Typi-
cally, the posed requirement is to execute all tasks in minimum time. Scheduling can be
conducted offline prior to task execution, where kinematic constraints of the robots should
be considered. Genetic algorithms (GA) belong to the class of metaheuristic optimization
algorithms applicable to a small-scale scheduling problem. The framework allows for the
implicit consideration of constraints that are encoded into the genes of the GA by employ-
ing a simulation-based optimization. The merit of the method is the capability to handle
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non-continuous and procedural objective functions to find near-globally optimal solutions
[ZA05]. Zacharia et al. [ZA05] suggested a GA to compute an optimal sequence of tasks
for a single robot with a minimal total cycle time. In the proposed approach, several pos-
sible manipulator configurations were coded into the genes of the GA. Obstacle avoidance
was not taken into account. Bonert et al. [BSB00] introduced a minimum-time approach
employing a GA for collision-free motion planning of two robots performing an assembly
task. Collision avoidance between the robots was realized by time (safety) delays incorpo-
rated in the proposed GA, where one robot’s motion was delayed to avoid collisions with
the other one. This collision avoidance approach is rather conservative and does not allow
for the simultaneous operation of the robots in a shared workspace. Xidias et al. [XZA10]
alleviated the problem by approximating the robots’ bodies by B-spline curves and check-
ing for intersections between them. The GA is augmented by adding a penalty function
that allows for restricting to only collision-free tours of the robots. The work [YCH19]
developed a GA to solve for collision-free task sequences assigned to two manipulators.
The authors assumed linear transition between two states and the synchronous start of the
robots. GAs are generally suitable for problems with well-known environments involving
few resources and cyclic tasks. However, these methods suffer from high computational
costs once the problem exceeds a certain complexity threshold. Thus, coupling constraints
that result from cooperation between robots cannot be easily encoded into a GA [Coe02].
An alternative approach is proposed by Tika et al. [TGB22] for a single manipulator per-
forming pick-and-place tasks to solve task allocation and trajectory planning in a hybrid
model predictive control framework. The promising approach is demonstrated for a single
manipulator performing six pick-and-place tasks, where trajectory planning and allocation
of tasks are performed online.

Scheduling an assembly or construction plan is a highly complex MRTA problem as it
involves many objects to be assigned to a set of robots. An assembly sequence is determined
based on a final assembled structure. Most importantly, specific assembly steps must be
carried out in a distinct order, resulting in constraints that need to be considered when
solving the MRTA problem. As construction advances and the size of the assembly grows,
expanding the space required within the robots’ shared workspace, the objects introduce
further constraints on their operations. Thus, the feasibility of a plan is the primary
goal when solving a long-term scheduling problem. A constrained large-scale scheduling
problem can be formulated as a constraint satisfaction problem (CSP) [Dec03]. The CSP
framework allows for the formulation of high-level logical constraints [BSR10]. A decade
ago, allocating tasks to the robots was not part of the scheduling problem. Instead, the
ordering of the tasks was solved by a scheduling algorithm [CJS08; Kne+13]. Works by
Lozano-Pérez et al. [LK14] and Dogar et al. [Dog+19] formulated a long horizon problem
as sequential manipulation problems in the form of CSPs. Both works consider allocating
tasks to the robots, the assembly sequence, robotic grasps, and the robots’ trajectories, all
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solved in the same framework. Naturally, solving problems that require long sequences of
operations suffers from high computational complexity as scheduling and robot trajectories
are computed a priori.

Another common approach is to separate task and motion planning by introducing a multi-
layered approach, where task allocation and motion planning are handled in different layers
[DB15; GLK18; Pan+21; Har+23; TB24]. Scheduling of tasks is considered successful if
the motion planner can obtain a robot path for the scheduled task. Otherwise, a different
plan has to be computed. In general, heuristics are applied to obtain a feasible plan for
a team of robots. To further simplify a TAMP problem, almost all of the previously
mentioned approaches compute the robots’ trajectories offline to reduce the occurrence of
any unforeseen events. So far, the existing methods do not consider real-world applications,
where rescheduling is often required in case of unexpected issues that occur during task
execution.

2.5 Summary

A comprehensive task and motion planning (TAMP) solution is essential to enable flex-
ible and autonomous operation in single and multi-manipulator systems. The literature
review on multi-manipulator systems reveals that current approaches often neglect online
trajectory planning for manipulators or fail to address optimal task distribution. Current
state-of-the-art planners, such as CHOMP, TrajOpt, PRM, and RRT, are still predom-
inantly applied. However, these global planners generate the complete trajectory from
an initial state to a desired target state in a single computation prior to execution, mak-
ing them suitable primarily for offline trajectory planning. Replanning the trajectory is
generally not possible in real-time. Recent studies [Krä+20; Mav+21; Tik+20; TGB22;
TB24] have demonstrated the effectiveness of model predictive control (MPC) as an on-
line trajectory planner for manipulators performing pick-and-place tasks in warehouse
environments, fruit packing stations and interacting with human workers. MPC yields an
intuitive formulation of the overall problem for online planning a feasible trajectory for a
robot and anticipating the system’s future behavior based on its dynamic model. However,
the discussed control architectures lack modularity and fail to assess scalability, revealing
limitations regarding the number of robots. The key challenges lie in achieving a collision-
free operation for multiple robots working simultaneously and enabling them to respond
to unforeseen events typical in real-world scenarios. The more a robot’s environment gets
sophisticated, the more constraints within the MPC formulation must be considered to
guarantee safety. The bottleneck of MPC is its computational costs, which increase with
the number of constraints. MPC’s challenging factor is constructing an optimization prob-
lem that makes the trajectory planning problem solvable during runtime, i.e., online at
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every control cycle. Online execution of the trajectory planning requires a valid trajectory
at every time step [Ard+15]. However, one should be aware of situations where the opti-
mization problem might become infeasible, sensors fail to provide the current state of the
considered system, or the reference/target state during trajectory execution has changed
[KW10].

Despite significant advancements in vision, planning, and control over the past two
decades, robotic manipulation has not yet achieved full autonomy in unstructured en-
vironments within industrial applications. So far, task allocation problems have been
predominantly solved using heuristic methods mainly due to two reasons. First, task co-
ordination is carefully planned to avoid conflicts between robots during operation. Second,
as the number of workpieces and associated tasks increases, the task allocation problem
becomes increasingly complex to solve [Har+23]. The existing scheduling procedures can
only be deployed successfully in well-known environments, with the robots executing tasks
perfectly without any time delays. Once a robot in a team needs more time to accomplish
a task or does not find a path through a cluttered environment, the pre-computed sequence
of tasks cannot be guaranteed to be the optimal one as it influences the overall system
and can even lead to a considerable poor performance for the whole team. Rescheduling
of the plan is then required.

Additionally, the existing TAMP approaches usually do not account for the occurrence of
deadlocks. Research on deadlock resolution for multi-manipulator systems is limited. Most
existing methods [AA14; ZA15; AAA23] still rely on artificial time delays in preplanned
trajectories to handle deadlocks. However, this results in a deteriorated performance
of the overall system, where coordination of robots becomes an additional issue in the
preplanning step.
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3 Online motion control for a single
manipulator

The limitations of current approaches, as discussed in Sec. 2.5, need to be addressed
when designing a task and motion planning (TAMP) control architecture. To tackle the
challenges associated with online trajectory planning, model predictive control (MPC), as
detailed in Sec. 2.3, presents a promising concept. MPC optimizes the system’s perfor-
mance and anticipates the system’s future behavior to respond to environmental changes.
While recent works [Mav+21; TGB22] demonstrate MPCs’ potential for online trajectory
planning, a detailed comparison of MPC-based trajectory generation with state-of-the-art
planners is still lacking.

This chapter introduces and demonstrates the benefits of MPC-based online motion con-
trol for planning a robot’s trajectory. Unlike existing methods introduced in Sec. 2.4.3, the
task allocation problem is solved by formulating an optimization-based scheduling model.
The method allows for rescheduling in case modifications within the robot’s workspace
occur. The chapter also presents an experimental study focusing on a single manipulator
system, evaluating the effectiveness of the MPC approach in simplified industrial scenarios,
including a sorting task, a narrow passage problem, and a dynamically changing environ-
ment. The experimental results are analyzed and compared with selected state-of-the-art
planners, offering a novel contribution to the existing literature. The contents of this
chapter have been previously published in [Gaf+22c].

3.1 Assumptions

The primary distinction between the two fundamental types of robot motion control is
that sensor-guided motion control relies on sensors to safely achieve the target state while
trajectory-following control executes a predetermined trajectory through low-level joint
control without using sensor feedback. Sensors are employed to perceive the robot’s en-
vironment and detect environmental changes. Ideally, both control types should be in-
tegrated, seamlessly switching between them. However, commercially available robotic
systems predominantly offer trajectory-following control, which focuses on minimizing the
error between the actual and desired robot positions to adhere to a specified trajectory.
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Consequently, these systems are inadequate for operating in dynamically changing envi-
ronments, necessitating high-level control strategies [KW10].

Fig. 3.1 schematically illustrates a sensor-guided motion control structure introduced by
Torsten Kröger [Krö10]. Sensor-guided robot motion relies on sensor signals that monitor
the robotic system and its environment. For example, vision systems deliver signals s(𝑡)
within the robot’s task space. Tasks are naturally defined in this task space. Conversely,
a manipulator operates in joint space, where it provides its current configuration q(𝑡),
angular velocities q̇(𝑡), and accelerations q̈(𝑡). To command the desired configuration
and its derivatives ̈qd(𝑡), q̇d(𝑡) and qd(𝑡) to the joints’ actuators, inverse kinematics is
employed to convert the desired setpoints ̈pd(𝑡), ̇pd(𝑡) and pd(𝑡) from task space to joint
space. Inverse kinematics involves non-linear functions, which can lead to singularities and
non-unique solutions [SHV06]. Consequently, a joint space controller is often used to avoid
the complexities of inverse kinematics. This approach is preferred because constraints
such as maximum angles, angular velocities, and robot dynamics can be more naturally
expressed in joint space.

Transformation into
joint space

Transformation into
task space

Controller for
measured variable

Robot, sensors, and
environment

Joint space
controller

q̈d(t), q̇d(t),qd(t)

p̈d(t), ṗd(t),pd(t)

f(t)
s(t)

sd(t)

q(t)

p(t)

Figure 3.1: Sensor-guided robot motion control scheme introduced by Torsten Kröger
[Krö10].

To verify whether the robot has reached its commanded setpoint, its pose is obtained in
task space p(𝑡) by applying forward kinematics. Forward kinematics establishes the re-
lationship between the individual joints of the robot, represented as q(𝑡) in configuration
space, and the end-effector pose p(𝑡) in task space [SHV06]. Additionally, forward kine-
matics can be utilized to determine the poses of individual robot links in task space, thereby
enabling effective collision avoidance between these links and the robot’s surrounding en-
vironment. Forward kinematics does not suffer from singularities and non-uniqueness of
solutions but is associated with non-linearity.

Prior to realizing an optimal task and motion control approach for a single manipulator
system, the following assumptions are met:

1. The start and goal configurations are given.

2. The start and goal configurations are collision-free.
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3. The robot starts at zero velocity.

4. The goal state is allowed to change during the robot’s motion.

5. The robot performs a point-to-point motion.

6. Trajectories are not specified a priori.

7. No force exertion between the robot and its workpiece/object is considered.

3.2 Experimental setup

Camera

Robot

Tray 1Tray 2

Obstacle
Product

x y
z

Figure 3.2: Experimental setup [Gaf+22c].

An experimental study is conducted
for a single manipulator perform-
ing a series of pick-and-place tasks
in an environment preoccupied with
obstacles. A special focus lies
in investigating the performance
of the MPC in static environ-
ments, in narrow passages and in a
dynamically changing environment.
The experimental setup, shown in
Fig. 3.2, consists of the UR3 ma-
nipulator from Universal Robots,
placed on top of a module (table)
and equipped with a parallel Co-act
EGP-C 40-N-N-URID1 gripper from
Schunk. The workspace of the robot is occupied by several products, two obstacles and
two trays. Each tray contains three slots. The goal of the robot is to place products into
the assigned slots while robot’s workspace is exposed to changes. For the experimental
setup, a single-lens camera ace acA1280-60gc from Basler is employed delivering 60 frames
per second at 1.3 MP resolution.

Three different product classes, which differ in terms of color (red, blue and orange), are
considered. Each product class has a specific tray to which it can be assigned to: red
products can only be placed in Tray 1 and blue products in Tray 2. The orange products
can be assigned to both trays. The products considered in this setup are cubes of an edge
length 𝑙cube = 30 mm. The static obstacles in the workspace present the module and two
cylinders that might be placed arbitrarily in robot’s workspace. The cylinders have the
height ℎcyl = 170 mm and the diameter 𝑑cyl = 70 mm. Note that the robot performs

1https://schunk.com/de/de/greiftechnik/parallelgreifer/co-act-egp-c/c/PGR_3995 (Last visited:
18.03.2024)

https://schunk.com/de/de/greiftechnik/parallelgreifer/co-act-egp-c/c/PGR_3995


36 Chapter 3: Online motion control for a single manipulator

straight up and down movements to pick up or place the objects from predefined height
𝑧pick/place = 0.05 m. For that, the setpoints are sent directly to robot’s velocity tracking
controllers.

The following control structure given in Fig. 3.3 is proposed to realize an optimal TAMP
approach for a single manipulator system. Once modifications in the workspace have
been conducted by an operator, e.g., a product has been moved to a new position, the
Camera captures the current state in the form of RGB images of the robot’s workspace
and sends them to the Object Detection layer. The objects are detected and classified
by the Object Detection algorithm. Subsequently, the current data Tp of the products is
sent to the Scheduling layer, and the data of the detected obstacles Tobs to the Trajectory
Planner layer. Based on the information about each product poses and the available slots,
the scheduling algorithm computes an optimal sequence of tasks and sends a sequence
of target setpoints x𝑊 to the robot. The trajectory can be either planned and executed
online by sending the optimal control inputs u0∗ at each control cycle or offline by sending
the entire trajectory u, marked in a dashed line, to the robot’s Tracking Controller layer.
Both types of trajectory planning approaches will be investigated in Sec. 3.3.

The communication between different layers of the proposed online motion control architec-
ture is established by using ROS Melodic [Sta18]. The scheduling problem is implemented
in Julia [Bez+17] and solved using Gurobi [Gur23]. The MPC problem is formulated in
CasADi [And+19], where the interior point solver IPOPT [WB06] is applied to solve the
optimization problem. The optimal joint velocities computed at each sampling time by
MPC are commanded via the velocity controller of Universal Robot ROS driver to the
robot and current robot states are published to the controller. All of the developed algo-
rithms run on a computer system unit equipped with an Intel Core i5-9600H at 2.9 GHz
using 16 GB RAM under Ubuntu 18.04.

Object Detection
W

Camera Scheduling

Trajectory Planner

Tracking Controller

Tp

Tobs

RGB

xW

τ

u

xs

u∗ 0

Robot

Figure 3.3: Control structure of an online task and motion planning approach for a single
manipulator system.
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3.2.1 Object detection

A single-lens camera captures RGB images of the robot’s workspace 𝒲 ⊂ ℝ3 and sends
them to the object detection algorithm. Note that the camera cannot provide depth
information of the scene. The object detection algorithm detects different types of objects
and classifies them into products or obstacles by their shape. For reasons of simplicity,
two different shapes are considered, i.e., spherical objects are classified as obstacles and
square objects as products. The algorithm determines the position, the orientation and
the class of the detected products and stores the data in a tuple Tp ∈ (ℝ2 × [0, 2𝜋[×Σ)𝑛p ,
respectively. The following classes of products are considered in the setup, defined as
Σ = {red, blue, orange}. As the obstacles have a spherical shape, only the position
is determined and stored in the vector Tobs ∈ (ℝ2)𝑛obs . The number of products and
obstacles are denoted by 𝑛p and 𝑛obs, respectively. Fig. 3.4 shows the outputs of the
single-lens camera and the object detection algorithm.

To correct the parallax error resulting from employing the single-lens camera, a linear
transformation is applied

𝑥e = 𝐻 − ℎ
𝐻

(𝑥′ − 𝑥0) + 𝑥0, (3.1)

where 𝑥′ stands for object’s position captured by the camera and 𝑥0 denotes the position
of the camera along the 𝑥-axis. The camera is mounted at a certain height 𝐻. The height
ℎ of an object is assumed to be known.

(a) Capturing an RGB image from robot’s
workspace.

(b) Applying the object detection algo-
rithm.

Figure 3.4: The outputs of the single-lens camera and the object detection algorithm.
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Figure 3.5: Parallax error correction [Gaf+22c].

3.2.2 Optimization-based scheduling model

The objective of the scheduling model is to assign objects to available slots in an optimal
order, whereas the distance traveled by the robot’s end-effector is minimized. The proposed
scheduling model requires a set of objects 𝒪 and a set of slots 𝒮. Each object 𝑜 can only
be allocated to a subset of slots 𝒮𝑜 ⊆ 𝒮 and only a subset of objects 𝒪𝑠 ⊆ 𝒪 can be
allocated to a slot 𝑠. Whether an object 𝑜 is allocated to a slot 𝑠 is expressed via the
binary variable 𝑌𝑜𝑠 ∈ {0, 1}. Thus, the previous assumptions might be formulated by the
following constraints: Each object 𝑜 has to be allocated to exactly one slot

∑
∀𝑠∈𝒮𝑜

𝑌𝑜𝑠 = 1, ∀𝑜 ∈ 𝒪 (3.2)

and each slot can have at most one object allocated to it

∑
∀𝑜∈𝒪𝑠

𝑌𝑜𝑠 ≤ 1, ∀𝑠 ∈ 𝒮. (3.3)

It is assumed that the number of slots is greater than the number of objects (|𝒮| ≥ |𝒪|),
i.e. the constraint (3.3) is formulated as an inequality constraint.

In order to define a sequence, it is necessary to introduce the binary variables 𝐹𝑜 ∈ {0, 1}
and 𝐿𝑜 ∈ {0, 1}, where 𝐹𝑜 denotes if object 𝑜 is the first object in the sequence and 𝐿𝑜 if
object 𝑜 is the last one. A sequence includes exactly one first and one last object. This is
modeled by the following two linear constraints for the first

∑
∀𝑜∈𝒪

𝐹𝑜 = 1 (3.4)

and the last object
∑

∀𝑜∈𝒪
𝐿𝑜 = 1. (3.5)

For sequencing decisions, an immediate precedence-based binary variable 𝑋𝑜𝑜′ ∈ {0, 1} is
introduced, that specifies whether object 𝑜 is grasped before object 𝑜′. Each object 𝑜 has
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exactly one successor, except for the last one,

∑
∀𝑜′∈𝒪

𝑋𝑜𝑜′ = 1 − 𝐿𝑜, ∀𝑜 ∈ 𝒪 (3.6)

and each object 𝑜′ has exactly one predecessor, except for the first one,

∑
∀𝑜∈𝒪

𝑋𝑜𝑜′ = 1 − 𝐹𝑜′ , ∀𝑜′ ∈ 𝒪. (3.7)

The constraints (3.6) and (3.7) are not sufficient to eliminate subcycles in the sequence.
Therefore, an additional continuous variable 𝐶𝑜 ≥ 1 is introduced, which represents the
order of objects in the sequence. The variable 𝐶𝑜 takes the value of 1, if object 𝑜 is the
first one in the sequence, i.e., if 𝐹𝑜 = 1. This is expressed in the following constraint

𝐶𝑜 ≤ 1 + |𝒪| ⋅ (1 − 𝐹𝑜), ∀𝑜 ∈ 𝒪. (3.8)

If object 𝑜′ is the successor of object 𝑜, then 𝑋𝑜𝑜′ = 1 holds and object 𝑜′ fills the next
position in the sequence, i.e., 𝐶𝑜′ = 𝐶𝑜 + 1. This is modeled as

𝐶𝑜′ ≥ 𝐶𝑜 + 1 − |𝒪| ⋅ (1 − 𝑋𝑜𝑜′), (3.9a)

𝐶𝑜′ ≤ 𝐶𝑜 + 1 + |𝒪| ⋅ (1 − 𝑋𝑜𝑜′), ∀ 𝑜, 𝑜′ ∈ 𝒪. (3.9b)

If two objects are not in an immediate precedence relation, constraints (3.9) are trivially
satisfied. The degrees of freedom of the scheduling problem are determined by the number
of the decision variables specified for the optimization problem. All the decision variables
introduced earlier are summarized in Table 3.1.

Table 3.1: Decision variables of the optimization-based scheduling model for a single robot.

Decision Variable Type Description
𝑌𝑜𝑠 Binary Allocation of object 𝑜 to slot 𝑠
𝐹𝑜 Binary First object
𝐿𝑜 Binary Last object

𝑋𝑜𝑜′ Binary Immediate precedence variable takes value of one,
if object 𝑜 is picked directly before object 𝑜′

𝐶𝑜 Continuous Equal to an object’s position within the sequence

Finally, the objective function penalizes the distance covered by the robot’s end-effector.
The scheduling model computes a distance-optimal solution that does not correspond to
a time-optimal solution. For a time-optimal solution, information about the time required
for a robot motion is needed. For that purpose, it is necessary to have knowledge about the
robot dynamics. However, this would make the scheduling model intractable. Therefore,
a linear motion of a robot is assumed. Besides that, the time needed to perform grasping
is not considered. The objective function of the proposed approach consists of three parts.
The first part represents the distance from the initial position of the end-effector to the
first object. The second part measures the accumulated distance from the objects to be
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picked to their allocated slots. The last part expresses the accumulated distance from the
slots to the subsequent objects. The optimization problem for a single manipulator takes
the following form

min ∑
∀𝑜∈𝒪

𝐹𝑜 ⋅ 𝑑𝑜𝑟
⏟⏟⏟⏟⏟

Initial movement to the first object

+ (3.10a)

∑
∀𝑜∈𝒪

∑
∀𝑠∈𝒮

𝑌𝑜𝑠 ⋅ 𝑑𝑜𝑠
⏟⏟⏟⏟⏟⏟⏟

Movement from the picked object to its allocated slot

+

∑
∀𝑜∈𝒪

∑
∀𝑜′∈𝒪\{𝑜}

∑
∀𝑠∈𝒮

𝑋𝑜𝑜′ ⋅ 𝑌𝑜𝑠 ⋅ 𝑑𝑜′𝑠.
⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟

Movement from a slot to the next object

s.t. Const. (3.2) − (3.9). (3.10b)

To evaluate the objective function, the distances between each object 𝜒𝑜 and the end-
effector’s initial position 𝜒𝑒 can be computed as following

𝑑𝑜𝑟 = ‖𝜒𝑜 − 𝜒𝑒‖2, ∀ 𝑜 ∈ 𝒪. (3.11)

Similarly, the distances between objects 𝜒𝑜 and slots 𝜒𝑠 can be determined as

𝑑𝑜𝑠 = ‖𝜒𝑜 − 𝜒𝑠‖2, ∀ 𝑜 ∈ 𝒪, 𝑠 ∈ 𝒮. (3.12)

Both distances 𝑑𝑜𝑟 and 𝑑𝑜𝑠 are pre-computed and cached.

3.2.3 Online trajectory generation using MPC

Consider a single manipulator assigned a series of pick-and-place tasks in an environment
preoccupied with obstacles. Each task involves a point-to-point motion from an initial
configuration qs to a goal configuration qf. The robot’s motion must be collision-free and
smooth. These requirements can be addressed within the MPC framework as part of the
planning stage. The following formulation of the MPC problem for a manipulator in the
discrete-time form is proposed

min
u0∶𝑁p−1,x0∶𝑁p

𝐽 f(x𝑁p) +
𝑁p−1

∑
𝑘=0

𝐽 c(x𝑘,u𝑘) (3.13a)

s.t. x𝑘+1 = Adx𝑘 + Bdu𝑘, 𝑘 = 0, … , 𝑁p − 1, (3.13b)

x0 = xs, (3.13c)

x𝑘 ∈ 𝕏, 𝑘 = 0, … , 𝑁p, (3.13d)

u𝑘 ∈ 𝕌, 𝑘 = 0, … , 𝑁p − 1, (3.13e)

𝑅(x𝑘) ∩ 𝒪 = ∅, 𝑘 = 0, … , 𝑁p, (3.13f)

𝑅(x𝑘) ∩ 𝒟(𝑘) = ∅, 𝑘 = 0, … , 𝑁p, (3.13g)
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comprising of a cost function and a set of constraints, which will be explained in the
following.

Cost function

The main goal of the manipulator is to safely reach each given goal configuration. Note
that the manipulator does not follow a given reference trajectory. To enforce the robot
reaching the goal configuration, the deviation of the current state x𝑘 to the desired state
xf = [qf T, 0T]T is penalized. Moreover, a smooth motion of the robot is desired to prevent
unnecessary vibrations which can reduce lifespan of actuators. Note that the initial state
x0 is set to be the measured state xs by the equality constraint (3.13c).

Consequently, the cost function (3.13a), consists of the stage cost 𝐽 c(x𝑘,u𝑘) ∶ ℝ2𝑁 ×ℝ𝑁 →
ℝ and the terminal state cost 𝐽 f(x𝑁p) ∶ ℝ2𝑁 → ℝ. The stage cost

𝐽 c(x𝑘,u𝑘) ∶= (x𝑘 − xf)TQ𝑥(x𝑘 − xf) + u𝑘 TRuu𝑘 + Δu𝑘 TRdΔu𝑘(𝑇s)−2 (3.14)

penalizes the squared state error, control effort and control smoothness Δu𝑘 = u𝑘 −u𝑘−1

with the positive definite weighting matrices Q𝑥 ∈ ℝ2𝑁×2𝑁, Ru ∈ ℝ𝑁×𝑁 and Rd ∈ ℝ𝑁×𝑁,
respectively. The terminal state cost punishes the terminal squared state error

𝐽 f(x𝑁p) ∶= (x𝑁p − xf)TQf(x𝑁p − xf) (3.15)

with the positive definite weighting matrix Qf ∈ ℝ2𝑁×2𝑁.

Mathematical model of the manipulator

MPC relies upon a mathematical model of the considered system to predict and optimize
the future system behavior. In this case, a rigid body manipulator is considered with 𝑁
joints. The dynamical model of a manipulator [SHV06] in the joint space can be described
by Lagrange’s equation in matrix form as

M(q(𝑡)) ̈q(𝑡) + C(q(𝑡), q̇(𝑡)) ̇q(𝑡) + g(q(𝑡)) = Q(𝑡). (3.16)

Here, the configuration q(𝑡) = [𝑞1(𝑡), … , 𝑞𝑛(𝑡)]T ∈ ℝ𝑁 comprises the joint angles of the
robot. The letter 𝑁 specifies the number of degrees of freedom (DoF) of the dynam-
ical system. The inertia matrix is represented by M(q(𝑡)) ∈ ℝ𝑁×𝑁. The matrix
C(q(𝑡), q̇(𝑡)) ∈ ℝ𝑁×𝑁 maps the angular velocities q̇(𝑡) to Coriolis and centrifugal torques.
The vectors g(q(𝑡)) ∈ ℝ𝑁 and Q(𝑡) ∈ ℝ𝑁 represent the vectors of gravitational and
generalized torques, respectively.

Inverse dynamics control is generally applied on nonlinear multivariable systems to follow
a joint space trajectory. This control method allows for compensating the nonlinearity of
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the dynamical system by applying a nonlinear state feedback law. More precisely, the task
is to determine an auxiliary control input vector u(𝑡) ∈ ℝ𝑁 based on the manipulator’s
inverse dynamics to compensate the nonlinearity of the dynamical system. Applying a
linearizing controller establishes a linear input/output relationship of the system with
respect to the new input vector u(𝑡). Consequently, the resulting system of the inner-
loop control is linear and each joint’s motion is independent of the other joints [CFK16;
Sic+09].

In this work, it is assumed that the inner-loop control of the joint tracking controllers
establishes a linear input/output relationship of the nonlinear system dynamics under
control. In general, it is sufficient to model the manipulator’s velocity tracking controllers
as second-order system [Krä+20]. As a result, 𝑁 decoupled, linear systems in state-space
representation follow

[q̇(𝑡)
q̈(𝑡)

] = [0 I
0 0

] [q(𝑡)
̇q(𝑡)

] + [0
I
]u(𝑡), (3.17)

where the matrix I ∈ ℝ𝑁×𝑁 specifies the identity matrix and 0 ∈ ℝ𝑁×𝑁 denotes the zero
matrix.

As the MPC formulation requires a discrete-time representation of the manipulator’s dy-
namical system, the system (3.17) in terms of the state x(𝑡) = [qT(𝑡), q̇T(𝑡)]T ∈ ℝ2𝑁 and
control inputs u(𝑡) are uniformly discretized at identical times 𝑡𝑘 with 𝑡𝑘+1 − 𝑡𝑘 = 𝑇s.
Subsequently, the following representation, formulated as equality constraint (3.13b) in
the MPC problem, results

x𝑘+1 = Adx𝑘 + Bdu𝑘, (3.18)

where Ad ∈ ℝ2𝑁×2𝑁 denotes the discrete state matrix and Bd ∈ ℝ2𝑁×𝑁 the input matrix.

Kinematic constraints

Constraining instantaneous admissible motion of the robot is carried out by formulating
kinematic constraints on states (3.13d) and inputs (3.13e). Consecutive robot links are not
exposed to self-collisions, while all the other links might end up in collisions. To prevent
self-collisions, lower and upper bounds for each joint angle can be defined. Further, to
prevent unnecessary vibrations on actuators, the angular velocities are restricted as well,
i.e., the robot state is constrained by specifying lower and upper bounds

𝕏 ∶= {x𝑘 ∈ ℝ𝑁 ∣ xmin ≤ x𝑘 ≤ xmax} (3.19)

in the constraint (3.13d). Similarly, actuator torque limits are considered by constraining
the torques applied to the robot’s joints, i.e.,

𝕌 ∶= {u𝑘 ∈ ℝ𝑁 ∣ umin ≤ u𝑘 ≤ umax} (3.20)
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which is used for the constraint (3.13e) in the MPC problem (3.13).

Finally, to prevent collisions between the robot and its environment, collision-avoidance
constraints (3.13f) are formulated. The collision avoidance strategy will be explained
based on the Fig. 3.6a, which shows a simplified environment of the considered system
from Fig. 3.2. The obstacles that the robot should avoid are the module (table) and the
cylinder placed on top of it. As described in Sec. 2.3.3, the first step is to encapsulate the
full body of the obstacles as well as of the robot by using geometric primitives. Fig. 3.6b
illustrates the selected primitives to model the robot and its environment. To approximate
the full body geometry of the robot, LSSs for each robot’s link are used and modeled as
a series of line segments described by the equation

s𝑚(x𝑘, 𝛼𝑚) ∶= b𝑚(x𝑘) + 𝛼𝑚r𝑚(x𝑘), 𝛼𝑚 ∈ [0, 1]. (3.21)

This requires the forward kinematics of the manipulator to determine the base b𝑚(x𝑘) and
the direction of each robot’s link r𝑚(x𝑘). The parameter 𝛼𝑚 restricts the length of the
line segment to the length of the respective link. Note that the LSS forms a spherocylinder
around each link of the robot.

To prevent any collisions between the robot and the module (table), the intersection of
the basis of each link b𝑚(x𝑘) is restricted to the specified height along the 𝑧-axis, i.e.,

b𝑚(x𝑘) ≥ zTable (3.22)

should hold. To encompass the geometry of the cylinder, an ellipsoid encapsulating the
cylinder is chosen in the form

𝐻(e) = (e − e0)TE(e − e0), (3.23)

where e0 represents the center point of the ellipsoid, e ∈ ℝ3 describes a point on the

(a) Robot’s environment.

x
yz

(b) Representing the robot’s environment
using geometric primitives.

Figure 3.6: Utilizing geometric primitives to model the robot’s environment for collision
avoidance.



44 Chapter 3: Online motion control for a single manipulator

ellipsoid and the matrix E is given by the equation

E = diag( 1
(ℎ + 𝑠d)2 , 1

(𝑏 + 𝑠d)2 , 1
(𝑤 + 𝑠d)2 ) ∈ ℝ3×3 (3.24)

containing the squared inverse principle semi-axes ℎ, 𝑏, 𝑤 ∈ ℝ>0, standing for height,
breadth and width of the cylinder, respectively. The parameter 𝑠d represents a safety
distance. To ensure no intersections between the robot and the cylinder, each link ap-
proximated by the line segment equation (3.21) should lie outside the ellipsoid occupied
by the interior set of the cylinder, i.e.,

1 − 𝐻(s𝑚(x𝑘, 𝛼𝑚)) ≤ 0, ∀𝑚 ∈ {1, … , 𝑁 + 1}, 𝛼𝑚 ∈ [0, 1]. (3.25)

Following the same principle, collision avoidance of the robot with dynamic obstacles can
be included into the constraints of the MPC problem (3.13). Note that the formulated col-
lision avoidance constraints are non-convex resulting from the non-linearity of the forward
kinematics.

3.2.4 Compensation of computation times

The number of active collision avoidance constraints change dynamically, as not all possible
collisions might occur at a time step 𝑘. The number of active collision avoidance constraints
considerably affects the computation times of the non-convex optimization problem (3.13).
The computation times do not remain constant for each time step, instead 𝑇c might even
be greater than the sampling time 𝑇s and therefore the optimal control input u∗ 0 can not
be obtained in time to be send to the robot’s velocity tracking controllers. The larger the
sampling time 𝑇s, the smaller the influence of the computation time 𝑇c on the DMPC.
However, increasing the sampling time excessively can lead to tunneling, where collisions
may be undetected.

The approach of Grüne and Pannek [GP17] proposed a solution to account for non-
negligible computation times. Consider a single joint 𝑞 ∈ ℝ , where the maximum compu-
tation times are greater than the sampling time 𝑇s, i.e., 𝑇c,max > 𝑇s holds. At time 𝑡𝑘, a
new measurement 𝑞𝑘 is received from the manipulator. Due to the fact that a new opti-
mal control input might not be available at time 𝑡𝑘, the robot’s controller is provided the
optimal control input from the last optimization step for time 𝑡𝑘 until 𝑡𝑘 +𝑇c,max. Fig. 3.7
illustrates the concept for 𝑇c,max > 𝑇s, where the green line designates the optimal control
inputs [𝑢∗ 1 𝑢∗ 2]. Simultaneously, at time 𝑡𝑘, the state 𝑞𝑘 is extrapolated into the future
by integrating the manipulators dynamics 𝑓(𝑞(𝑡), 𝑢(𝑡), 𝑡)

̂𝑞𝑘 = 𝑞𝑘 + ∫
𝑡𝑘+𝑇𝑐,max

𝑡𝑘

𝑓(𝑞(𝑡), 𝑢(𝑡), 𝑡)𝑑𝑡. (3.26)

With ̂𝑞𝑘 as the initial condition, the optimization problem (3.13) is solved so that a new



3.3 Experimental study 45

q, u

tk tk+1 tk+2
Tc,max
Ts Ts

qk

u∗1

u∗2

qk+1

qk+2q̂k

u∗0

t

Figure 3.7: Compensation of computation times 𝑇c,max ≥ 𝑇𝑠 for NMPC.

trajectory and control input sequence are available at the latest at time 𝑡𝑘 + 𝑇c,max. At
time 𝑡𝑘 + 𝑇c,max the first optimal control input 𝑢∗ 0, illustrated by the red line in Fig. 3.7,
is sent to the robot. At time event 𝑡𝑘+2 the MPC receives a new measurement 𝑞𝑘+2 and
the procedure is repeated. Thus, to compensate the maximum computation times, which
can in some cases exceed the sampling time, an optimal control input sequence predicted
into the future should be sent to the robot until the new optimal solution is available.

3.3 Experimental study

In the following section, an experimental study with the proposed control architecture
of Fig. 3.3 is carried out for a single manipulator. Three different scenarios involving a
simplified industrial production process subject to permanent modifications, narrow pas-
sage problem as well as a dynamically changing environment are carried out. To show the
efficiency of the MPC approach, a comparative analysis is conducted with different state-of-
the-art trajectory planners, which include single-query, multi-query sampling-based and
optimization-based planner. The list of selected trajectory planners is provided in Ta-
ble 3.2. Note, that the state-of-the-art planners plan the trajectory from an initial to
a target state at once, prior to its execution and are considered as global planners. A
detailed explanation is provided in Sec. 2.1.4 and Sec. 2.2. In contrast, MPC plans the
robot’s trajectory at each time step from its current to the target state and thus belongs
to the type of local planners. The videos of the experiments are available at the following
URL [Gaf+22b].
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Table 3.2: List of selected trajectory planners and their characteristics.
Trajectory Planner Category Type Description

PRM Multi-query sampling-based Global Constructs a roadmap containing collision-free samples.
RRT-Connect (RRT-C) Single-query sampling-based Global Tries to connect two trees by using a greedy heuristic.

BiTRRT Single-query sampling-based Global Extension of RRT using stochastic optimization techniques.
CHOMP Optimization-based Global Optimizes for a collision-free, smooth trajectory

applying gradient descent.
MPC Optimization-based Local Optimizes for a collision-free, smooth trajectory

at each time step and predicts the robot’s future behavior.

The exact parametrization of the MPC problem is provided in Table 3.3 for UR3 manip-
ulator employed for the considered experimental setup.

Table 3.3: Selected parameters for the MPC problem (3.13) applied to UR3.

MPC Parameters
Sampling time 𝑇s = 100 ms
Prediction horizon length 𝑁p = 15
Termination criterion (pose accuracy) 𝜀tol = 4 ⋅ 10−2 rad
Weighting matrices:

- predicted states Qx
𝑖 = diag(1, 1, 1, 1, 1, 1, 1, 1, 1, 0.1, 0.1, 0.1)2

- final state Qf
𝑖 = 5 Qx

𝑖
- control inputs Ru

𝑖 = 0.1 ⋅ diag(1, 1, 1, 1, 1, 1) s4

rad2

- control input deviations Rd
𝑖 = diag(1, 1, 1, 0.1, 0.1, 0.1) s6

rad2

Limits on joint velocities ̇qmax/min = ±[𝜋, 𝜋, 𝜋, 2𝜋, 2𝜋, 2𝜋] rad
s

Limits on control inputs umax/min = ±[𝜋, 𝜋, 𝜋, 2𝜋, 2𝜋, 2𝜋] rad
s2

Upper bound on joint angles qmax = [2𝜋, 0, 0, 1
6𝜋, 𝜋, 2𝜋] rad

Lower bound on joint angles qmin = [−2𝜋, −𝜋, −5
6𝜋, −5

6𝜋, 0, −2𝜋] rad

3.3.1 Performance metrics

For the benchmark analysis, the following performance metrics are chosen to assess the
quality of the generated trajectories: the path length, the execution time, the planning
time, the trajectory smoothness and the safety distance. The distance covered by the end-
effector is denoted as the path length 𝐿. The execution time 𝑇e determines the time needed
to execute a trajectory from the first to the last task of the robot. In case of global planners,
the planning time 𝑇p corresponds to the time to compute the complete trajectory before
execution. In the context of MPC, the planning time refers to the average computation
time required to solve a single MPC step. The trajectory smoothness 𝑠 = ∫𝑇e

0
|| ̈q(𝑡)||2d𝑡

is determined as the Euclidean norm of the integral of joint accelerations. Last, the safety
distance of the robot to its environment is considered, to assess if safety requirements can
be guaranteed with the proposed collision avoidance approach. The safety distance 𝑆d is
defined as the Euclidean distance between the robot’s end-effector and the obstacles.
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3.3.2 Sorting task

The following scenario demonstrates a basic industrial production process, where prod-
ucts and obstacles can be freely placed in robot’s workspace or added by an operator.
The following experiment investigates different types of modifications that can occur in
a production process, such as adding new products, placing products or obstacles at new
positions. The state-of-the-art planners require a static environment, i.e., no changes in
robot’s workspace are allowed to occur during the execution of robot’s trajectory. Thus,
to keep the environment static, any modifications in the workspace are conducted prior
to the execution of the TAMP approach. Every change requires a rescheduling, where
the scheduling plan is updated and new sequence of setpoints is sent to the robot. The
scheduling algorithm, presented in Sec. 3.2.2, computes an optimal task sequence for a
single robot and assigns the products to slots of the two trays.

The spatial arrangement of products and obstacles in the workspace of a simplified pro-
duction process are depicted in Fig. 3.8, where all of the modifications in robot’s workspace
are highlighted. The initial state of robot’s workspace is given in Fig. 3.8a that includes
three products in red, blue and orange. Further, two obstacles are placed close to the
products. After the first product in blue is sorted into Tray 2, the objects’ setup is altered
by moving the left obstacle and the product in red. Fig. 3.8b shows the previously men-
tioned modifications. Further, Fig. 3.8c shows the red product moved into Tray 1 and new
red and blue products added to the workspace. Once the second product in red is placed
into its assigned slot, the right static obstacle is placed between robot’s current state and
its new target state (orange product), presented in Fig. 3.8d. The final scene in Fig. 3.8e
shows one last product in blue and the left obstacle, which is placed between the product
and the tray.

The performance metrics, introduced in Sec. 3.3.1, are evaluated to assess the quality of
the generated trajectories and are presented in Fig. 3.9. The results show that MPC and
BiTRRT yield the shortest execution times and shortest pathlength compared to the other
planners, see Fig. 3.9a and Fig. 3.9b. However, a short execution time does not necessarily
correspond to a short pathlength. For instance, while CHOMP exhibits a shorter execution
time than PRM, it produces the longest pathlength among the planners considered. Long
pathlength can be attributed to far-reaching motions around the obstacles. The far-
reaching motion planned by CHOMP is illustrated in Fig. 3.10b at one selected time step
around a static obstacle and can be compared to the robot’s current state computed using
MPC. A closer examination of the figure shows a significantly shorter distance between the
robot and the obstacle in the MPC case than CHOMP. Concerning trajectory smoothness,
presented in Fig. 3.9c, MPC computed the smoothest trajectories, almost 50 % better than
the considered state-of-the-art planner. The former might be attributed to the fact that
state-of-the-art planners plan jerky movements close to obstacles. A direct comparison
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between the planning time and the computation time of the state-of-the-art planners with
MPC can not be performed since the entire trajectory is planned at once, from the initial
to the target state. In contrast, MPC plans iteratively, once every time step. Fig. 3.9d
reveals significant differences in the planning times among the state-of-the-art planners.
In the case of PRM and CHOMP, it takes on average between 2 ⋅ 103 ms and over 5 ⋅ 103

ms to plan a path from the initial to the target state. In contrast, the planning times for
RRTC and BiTRRT are significantly shorter and comparable to the computation times of
MPC. The average computation times of MPC amount to 52.2 ms and thus lie well below
the sampling time of 𝑇s = 100 ms.

Tray 2

Tray 1

(a) Initial state

Tray 2

Tray 1

(b) Moving the left static obstacle

Tray 2

Tray 1

(c) Adding new products

Tray 2

Tray 1

(d) Moving the right static obstacle

Tray 2

Tray 1

(e) Moving the left static obstacle

Figure 3.8: Modifications to the experimental setup conducted during the sorting task
[Gaf+22c]. The video of the experiment is available at the following URL [Gaf+22b].
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(d) Planning time

Figure 3.9: Evaluation of performance metrics for the sorting task [Gaf+22c].

(a) Robot’s state around a static obstacle
computed by MPC

(b) Robot’s state around a static obstacle
computed by CHOMP

Figure 3.10: Selected time step illustrating the maneuvering around a static obstacle using
MPC and CHOMP.
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3.3.3 Narrow passage problem

In the following experimental setup, path planning through a narrow passage within a
static environment is studied. By this scenario, it is investigated how well the state-of-
the-art-planners and MPC plan trajectories in narrow passages and how potential evasive
maneuvers influence the path length and execution time. To this end, two cylindrical
obstacles forming a narrow passage are considered. The experiment consists of two in-
vestigations involving an open and a closed passage, depicted in Fig. 3.11. The first
investigation, presented in Fig. 3.11a, allows the robot to pass through the narrow passage
to grasp the blue product, which should be placed into the assigned slot of Tray 2. In the
next investigation, illustrated in Fig. 3.11b, the distance between the obstacles is reduced,
which does not allow the robot to pass through the passage. The product to be grasped by
the robot is placed again behind the obstacles, which should also be placed into another
slot of the same tray. The shortest path to the target in that case is passing over or around
the obstacles.

Assessing the experiment, the collision avoidance approach of each trajectory planner
plays a crucial role in the robot’s behavior in passing through the narrow passage. The
performance metrics evaluated for the experiment are summarized in Fig. 3.12 including
the evaluation of the safety distance 𝑆d of the robot to the obstacles. The trajectories
planned by PRM resulted in the longest execution times. This is attributed to the longest
planning times in the case of PRM. Trajectories planned by other planners require 15 s
to 20 s less in their execution. Although PRM needs more time to plan the trajectories,
the results yield the shortest pathlength among the state-of-the-art planners. Notably,
BiTRRT is the only global planner that computed a path through the narrow passage
toward the target state, whereas all the other global planners chose a path above the open
passage. However, Fig. 3.12b shows the longest pathlength in the case of BiTRRT, because
all the following trajectories resulted in far-reaching and even jerky motions. Additionally,

(a) Narrow passage allows the robot to pass
through.

(b) Closing the gap between the static ob-
stacles.

Figure 3.11: Experimental setup presenting the narrow passage problem [Gaf+22c]. The
video of the experiment is available at the following URL [Gaf+22b].
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Figure 3.12: Evaluation of performance metrics for the narrow passage problem [Gaf+22c].
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the robot overran the target state and had to return, resulting in the robot executing the
additional path. A comparison of the robot’s behavior passing the narrow passage for the
state-of-the-art planners can be viewed in Fig. 3.13. An extreme, far-reaching motion was
performed by the robot with RRTC while passing the open passage.

In contrast, MPC managed to compute the shortest path to the target through the narrow
passage, which can be observed for the time instant 𝑡 = 2 s in Fig. 3.14a. The follow-
up motions are executed in close proximity to the obstacles, which can be observed in
small values for safety distance. The safety distance 𝑆d represents the values to the closest
cylindrical obstacle, where the minimum, maximum and mean values have been evaluated.
The far-reaching motions of BiTRRT can also be observed in the high maximum values
of the safety distance. The smoothness of the executed trajectories yield no considerable
difference between the global planners. MPC show significantly smooth execution of the
trajectories.

Distribution of the planning times is similar to the results from the previous experimental
setup. PRM followed by CHOMP need more than 2 ⋅ 103 ms to plan a trajectory from
the initial to the target state. On the contrary, RRTC and BiTRRT need comparatively

(a) RRTC (b) BiTRRT

(c) PRM (d) CHOMP

Figure 3.13: Snapshots from robot’s state passing through the narrow passage planned by
RRTC, BiTRRT, PRM and CHOMP.
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(a) 𝑡 = 2 s (b) 𝑡 = 6 s (c) 𝑡 = 9 s

(d) 𝑡 = 20 s (e) 𝑡 = 23 s (f) 𝑡 = 27 s

Figure 3.14: Selected time frames showing the robot executing trajectories planned by
MPC.

short planning times between 40 ms and 70 ms. Considering the computation times of
MPC, the mean value amounts to 56 ms and thus lies well below the sampling time of
𝑇s = 100 ms.

3.3.4 Dynamically changing environment

In the final experiment, the MPC approach is employed for a dynamically changing envi-
ronment. The purpose of the following experiment is to investigate whether MPC is able
to track a moving target and how fast it can react to a dynamically changing environment
by placing abruptly an obstacle during task execution. The experimental setup given in
Fig. 3.16 consists of two cylindrical obstacles and a blue product. At the beginning of the
setup, illustrated in Fig. 3.15a, the product is placed in the middle of the two obstacles.
Once the robot starts moving towards the target, the object is pulled out of the passage
and moved continuously by the operator to the other end of the robot’s workspace, pre-
serving a constant speed. This can be observed in Fig. 3.15b. The object’s position serves
as a reference trajectory, which is transformed in the configuration space of the robot using
inverse kinematics. Once the object has stopped moving, the robot is able to grasp it, see
Fig. 3.15c. By a closer examination of Fig. 3.15c, the left obstacle is removed from the
workspace of the robot. The slot assigned to the object is located in Tray 2 on the other
side of the workspace. Thus, once the obstacle is removed, the robot is able to take the
direct path to the assigned slot in Tray 2. However, during robot’s motion towards the
slot, the removed obstacle is abruptly placed by the operator in front of the robot, which
can be seen in Fig. 3.15d. The final setup in Fig. 3.15e demonstrates, that the robot has
to plan a path by taking two obstacles into account.
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At the beginning, MPC leads the robot through the passage, formed by two cylinders.
As the target starts moving, the robot follows it until it stops moving. This can be seen
in the joint angles given in Fig. 3.16 until 12 s, where a continuous progression towards
the object’s pose can be observed. At time 𝑡 = 15 s the joint angles 𝑞1, 𝑞3, 𝑞4 and 𝑞6

show a slight kink as at this time the robot deviates from its planned path not to collide
with the obstacle that is placed abruptly in front of it. Especially, a significant deviation
can be observed for joint angles 𝑞2 and 𝑞5. MPC needs 42.5 ms on average to solve the
underlying optimization problem at each time step, which is far below the fixed sampling
time 𝑇s = 100 ms. That means, the proposed approach with MPC is real-time capable
for the considered dynamic environment.

Tray 2

Tray 1

(a) Initial state (b) Moving object

(c) Removing the left obstacle (d) Suddenly placing the left obstacle

(e) Two static obstacles

Figure 3.15: Steps demonstrating the conducted modifications during the experiment
[Gaf+22c]. The video of the experiment is available at the following URL [Gaf+22b].
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Figure 3.16: The joint angles of the robot [Gaf+22c].

3.4 Summary

The objective of this chapter was to demonstrate the advantages and significant potential
of MPC for manipulators operating in real-world applications subject to environmen-
tal changes. To this end, various experiments were conducted and analyzed, comparing
the performance of MPC with several state-of-the-art planners. The benchmark analysis
revealed that MPC consistently outperformed global state-of-the-art planners across all
selected performance metrics, even in static environments. The global planners tended
to choose far-reaching motions near obstacles, resulting in non-intuitive and potentially
hazardous maneuvers. Thus, in more complex environments with additional obstacles,
it is essential to fine-tune the parameters of global planners to improve their perfor-
mance. Similarly, minor environmental changes might significantly affect the performance
of optimization-based global planners, which was the case with CHOMP. Consequently,
considerable engineering effort is required to pre-tune the parameters of these planners
for all considered setups. In contrast, MPC can be universally applied to complex static
and dynamically changing environments. MPC ensures that the robot remains safely clear
of obstacles without executing excessive maneuvers while maintaining a smooth motion.
The following chapters will address the online motion control for multiple robots solving
a joint task.
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4 Online motion control for a
multi-manipulator system

Given the promising results of using MPC for a single manipulator system, presented in
Chapter 3, the next step involves enabling the simultaneous operation of multiple manip-
ulators to accomplish a joint task. Fig. 4.1 depicts an illustrative example of a customized
production process, where multiple robots work together simultaneously alongside human
workers. Multiple manipulators can perform more complex tasks and enhance overall effi-
ciency and reliability compared to a single robot. However, realizing a multi-manipulator
system poses significant challenges, particularly in effective task coordination among the
robots and the online planning of collision-free trajectories, as each robot represents a dy-
namic obstacle to the others. Recently, some promising concepts have been developed for
handling HRI and multi-manipulator systems by applying MPC [Krä+20; TB24]. Central-
ized model predictive control (CMPC) has been proposed for two manipulators [Tik+20;
TB24], offering the advantage of generating deadlock- and collision-free trajectories by
solving the overall problem centrally, thereby eliminating conflicts between robots. How-
ever, centralized approaches limit system scalability, increase computational costs, hinder
real-time operation, and impose a strong coupling between interacting systems. A dis-
tributed approach to trajectory planning should be explored to decompose the system
into subsystems, thereby distributing computational efforts among the robotic systems.
Moreover, literature on deadlock resolution in multi-manipulator systems is scarce. Ex-

Figure 4.1: Multi-manipulator system involving human-robot interaction.
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isting methods typically manage deadlocks by incorporating artificial time delays within
preplanned trajectories [OL89; AA14; ZA15; AAA23], which results in a reduced overall
system performance and complicates the robot coordination during preplanning.

This chapter introduces the theoretical background of the novel TAMP approach for a
multi-manipulator system. The types of tasks considered here involve pick-and-place tasks,
which can be found in a wide variety of industrial processes, such as bin-picking, material
transfer, assembly, or disassembly. Pick-and-place tasks consist of a series of point-to-
point motions, as the robot is required only to reach its target state without adhering
to a predefined path. The proposed optimization-based TAMP approach is hierarchically
structured and consists of several layers. The task allocation problem is formulated as
a mixed-integer programming problem and solved by optimally distributing the subtasks
among the robots to accomplish the overall goal in minimum time. Additionally, conflict-
ing goals of the robots are excluded a priori to alleviate the problem of deadlocks. The
motion planning problem is solved online to enable the reactive behavior of each robot
in response to environmental changes during motion. The proposed method is based on
distributed model predictive control (DMPC), where each robot plans its own trajectory
by taking the trajectory of its neighbors into account. Considering the predicted motions
of neighboring manipulators ensures that no inter-robot collisions occur and smooth in-
teraction between multiple robots is possible. A reactive deadlock resolution approach is
proposed to address deadlocks that may occur during a robot’s motion, involving only
the deadlock-affected robots in the resolution procedure. The contents of this chapter
have been published in [GYR21; Gaf+22a]. The proposed TAMP approach is validated
through extensive simulation-based and experimental studies presented in Chapter 5 and
Chapter 6, respectively.

4.1 Requirements and assumptions

Fig. 4.2 shows an example of a simplified industrial environment where two manipulators
cooperate to perform tasks typical for a customized production. A human worker might
intervene in that process whenever assistance is required. The two manipulators should
carry out their tasks simultaneously and autonomously, receiving only a common task:
sorting. Overlapping workspaces allow the robots to cooperate, i.e., jointly sort the given
objects placed in the individual robot’s workspaces into corresponding stations. The com-
plexity of this setup can be easily extended by adding even more robots, each having its
subtask.

To realize an MRS, the following questions should be addressed, which were partly men-
tioned by LaValle in 2006 [LaV06]:
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1. How should tasks within a group of robots be distributed?

2. How can collisions between the robots be avoided?

3. Should the coordination of the robots be centralized or decentralized?

4. Are robots allowed to communicate?

5. How can each robot replan its trajectory in case of environmental changes?

6. How can deadlocks reliably be detected and resolved?

Several requirements must be established before realizing an MRS to address the above-
mentioned questions. First, an object detection system should be employed to monitor
workpieces and detect any modifications within the workspace, such as the replacement
or addition/removal of objects during runtime. This capability is crucial for rescheduling
tasks in response to changes. Optimal sequencing and allocation decisions can significantly
enhance the system’s overall performance. However, reachability constraints between each
robot and object must be considered, especially when repositioning objects. Limitations
in reachability may necessitate handovers between robots, requiring intelligent coordina-
tion. Distributed schemes demand communication between robot controllers to ensure
collision-free trajectories during operation. Furthermore, an online trajectory planning
strategy should be implemented to respond effectively to environmental changes. How-
ever, online trajectory planning for individual robots can lead to conflicting goals within
the team, potentially resulting in deadlocks at any point during operation. Thus, dead-
locks must be reliably detected and resolved. Particular attention should be given to
distinguishing between deadlock-affected and deadlock-free groups of robots. Interrupting
the entire robotic team to resolve a deadlock would waste resources and degrade the overall
system performance.

Figure 4.2: Two-manipulator setup involving human-robot interaction.
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Prior to realizing a TAMP approach for a multi-manipulator system, the following as-
sumptions are met:

1. The start and goal configurations are given to each robot.

2. The start and goal configurations of the robots are collision-free.

3. Each robot starts at zero velocity.

4. Goal state is allowed to change during the robot’s motion.

5. The robot performs a point-to-point motion.

6. Trajectory of each robot is not specified a priori.

7. Communication between the robots is allowed.

8. A team of robots fulfills a joint task.

9. Each robot can operate in its entire workspace unless physical constraints, such as
walls, tables, etc., restrict it.

10. No force exertion between the robot and its workpiece/object is considered.

4.2 Task and motion planning architecture

The following section introduces a novel control architecture based on MPC that enables
the autonomous and simultaneous operation of a multi-manipulator system. The control
structure of the proposed TAMP, illustrated in Fig. 4.3 and comprising several layers, will
be explained in detail.

• Object Detection System First, an Object Detection System, such as a camera,
monitors the common workspace of the robots, denoted as 𝒲 = ⋃𝑀

𝑖=1 𝒲𝑖. Next, the
object detection algorithm classifies the detected objects into two categories: parts
that need to be manipulated by the robots and obstacles that must be avoided.
The tuple Tobj ∈ (ℝ3 × 𝑆𝑂(3) × ℝ3 × Σ)𝑛obj summarizes the properties of the de-
tected objects, including their positions, orientations, dimensions (length, width,
and height), and classes. Here, 𝑛obj represents the total number of objects.

• Task Planner The Task Planner layer represents the first layer of the proposed
TAMP approach. This layer is application-dependent, with different types of objects
assigned to predefined groups based on their properties, such as color, geometry, etc.
The tasks may include sorting, assembly, or disassembly and serve as input to the
Task Planner layer. For instance, in the case of a disassembly task, objects of the
same type should be disassembled and sorted into the same tray. Therefore, all
objects of this type are assigned to the same group.
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• Scheduling Once different groups of objects are defined in the Task Planner layer, a
Scheduling layer computes a sequence of subtasks for each robot. Optimal sequencing
and allocation decisions can positively influence the system’s overall performance.
The input to the layer is a set of objects 𝒪 occupying the workspace of one or
multiple robots, depending on the composition, and a set of slots 𝒮 to which the
objects must be allocated. The Scheduling layer is responsible for distributing the
objects between the robots and allocating them to the slots in an optimal or heuristic
manner. A formulation for each type of scheduling problem is presented in Sec. 4.3.
The output of the Scheduling layer is a sequence of goal poses xW

𝑖 = [xW
1 , … ,xW

𝑄 ]
in the workspace (Cartesian space) of robot 𝑖, where 𝑄 represents the number of
setpoints. An optimal sequence of tasks should ensure that the joint goal assigned
to the robots is achieved, e.g., all tasks are accomplished by all robots as quickly as
possible. Furthermore, the task allocation problem may help alleviate the occurrence
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Figure 4.3: Control structure of an online task and motion planning for a multi-
manipulator system.
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of deadlocks by considering their reproducible occurrence a priori. For instance,
objects lying too close to each other should not be assigned to the robots at the
same time to avoid conflicts during simultaneous grasping.

• Action Planner In the next step, the Action Planner layer transforms the se-
quence of goal poses xW

𝑖 from the Cartesian space into the configuration space
xf

𝑖 = [xf
1, … ,xf

𝑄] of robot 𝑖 using inverse kinematics. Additionally, this layer gener-
ates a sequence of actions 𝒜𝑖 = [𝛼1, … , 𝛼𝑇] for each goal configuration xf

𝑖 of robot 𝑖.
For example, a pick-and-place task, which is a component of the overall sorting task,
involves moving to the object, grasping it, and then placing it into the designated
slot of a tray. Consequently, each setpoint must be associated with a corresponding
sequence of actions. Table 4.1 summarizes the various actions required for executing
a pick-and-place task.

Table 4.1: Types of actions for a pick-and-place task.

Actions Description
𝛼1 Move to the setpoint with an offset in height
𝛼2 Move down to the setpoint
𝛼3 Move up from the setpoint
𝛼4 Open gripper
𝛼5 Close gripper

Subsequently, two sequences of actions for a pick-and-place task are defined as an
ordered set

𝒜pick = {(𝛼1, 𝛼2, 𝛼5, 𝛼3)}, 𝒜place = {(𝛼1, 𝛼2, 𝛼4, 𝛼3)}.

• DMPC The generated sequence of goal poses and the corresponding actions are
subsequently forwarded to the robots’ trajectory planners individually, denoted as
the DMPC layer. Each trajectory planner utilizes DMPC to optimize the trajectory
of its corresponding robot over a prediction horizon. Each robot cooperates with
its neighbors by considering their respective motion. To achieve this, the robots
exchange their current states and predicted trajectories, denoted as x∗ 0∶𝑁p

𝑖 , where
𝑖 = 1, … , 𝑀. Based on the robots’ current states and the shared optimal trajectories
of their neighboring robots, each DMPC layer computes the optimal control inputs.

• Tracking Controller The optimal control input for the first time step, u∗ 0
𝑖 , is

sent to the robots’ underlying Tracking Controller. Each Tracking Controller layer
computes the joint actuator torques, 𝜏𝑖, which are applied to the robot’s joints.
Subsequently, each robot executes its motion and sends the current state, xs

𝑖, to its
respective DMPC layer to calculate the next optimal control input for the Tracking
Controller layer. This process involves computing a trajectory from the current state
to the goal state in an iterative manner. In other words, each DMPC layer replans
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its trajectory at each time step, allowing it to respond to changes. Further details
about the DMPC layer are provided in Sec. 4.4.

• Coordinator Deadlocks lead to a blocking behavior of the robots, necessitating
the intervention of a supervisory instance to resolve the deadlocks. This task is
performed by the Coordinator layer. Each DMPC layer of the corresponding robot
detects whether it is currently in a deadlock and sends its deadlock status, 𝛾D,𝑖, to the
Coordinator. Upon receiving the deadlock status from each robot, the Coordinator
clusters each robot into either a deadlock-affected or a non-deadlock-affected group.
To resolve a deadlock, the Coordinator sends an activation or deactivation status,
𝛾R,𝑖, to each robot. The activation status allows a robot to resume its motion,
while the deactivation status sends a robot away from its current goal to a neutral
pose. It is important to note that the Coordinator has no knowledge of the system
dynamics of a robot and therefore relies exclusively on the information exchanged
by the robots. Further details about the Coordinator layer are provided in Sec. 4.5.
The occurrence of deadlocks can be mitigated by incorporating certain constraints
into the optimization problem of the scheduling approach in the Scheduling layer, as
explained in more detail in Sec. 4.3.4.

Dashed markings in Fig. 4.3 represent different types of execution loops of the proposed
control architecture. The inner marking in gray encompasses the DMPC, Tracking Con-
troller and Robot layers, collectively denoted as an Agent, as well as the communication
with the Coordinator layer. The inner control loop of each Agent is executed at every time
step 𝑡𝑘 to solve the DMPC problem. Bidirectional communication with the Coordinator
layer for detecting and resolving deadlocks also occurs at every time step 𝑡𝑘. The subse-
quent control loop, marked in orange, is action-based. Once a sequence of actions, 𝛼𝑖, for
a specific setpoint (goal state) xf

𝑖, is executed by a robot, the Action Planner layer sends
the next setpoint along with the corresponding sequence of actions to an Agent. Finally,
the outer control loop includes the Scheduling layer, which is executed only if a new object
has been added into the workspace or the position of existing objects has changed. In
such cases, the Task Planner updates the groups of objects by adding or removing items,
necessitating rescheduling to successfully complete the task.

4.3 Multi-robot scheduling

This section introduces a heuristic and optimization-based model for distributing tasks
within a group of robots. The type of tasks considered here is a series of pick-and-place
tasks required for material transfer. Later, a heuristic scheduling model is utilized to
show the benefits of the optimization-based scheduling model [GYR21]. Compared to the
heuristic scheduling model, the optimization-based framework allows the incorporation of
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several constraints to solve a complex multi-robot task allocation (MRTA) problem. The
proposed optimal approach [GYR21] is based on a mixed-integer bilinear programming
(MIBLP) problem. The objective function to be minimized is the maximum completion
time needed by all robots to complete the tasks. Reproducible deadlocks, prevalent in pick-
and-place tasks, are treated by introducing additional constraints into the optimization
problem. Further, the approach is extended to treat assembly or disassembly tasks, where
a specific order of objects needs to be enforced.

4.3.1 Definitions

In the following, sets and subsets for the multi-robot scheduling model are introduced.
Let 𝑀 represent the number of manipulators and let ℳ = {1, … , 𝑀} denote the index
set of manipulators. The objective of the multi-robot scheduling is to allocate each object
𝑜 ∈ 𝒪 to manipulator 𝑖 ∈ ℳ and slot 𝑠 ∈ 𝒮. Each tray 𝜏 ∈ 𝒯 consists of a subset of
slots 𝒮𝜏 ⊆ 𝒮. The subset 𝒪𝜏 ⊆ 𝒪 contains all objects that must be placed into tray 𝜏,
whereby the subset 𝒮𝑜 ⊆ 𝒮 describes all slots the associating object 𝑜 might be allocated
to. Correspondingly, the subset of objects that can be allocated to slot 𝑠 is denoted by
𝒪𝑠 ⊆ 𝒪. All manipulators that can reach slot 𝑠 are designated with the subset ℳ𝑠 ⊆ ℳ.
The reachability of slot 𝑠 by manipulator 𝑖 depends on the robot’s range 𝜌𝑖, the Cartesian
coordinates of the manipulator’s base 𝜒𝑏

𝑖 and the Cartesian coordinates of slot 𝜒𝑠. Thus,
the subset ℳ𝑠 ⊆ ℳ is defined as following

ℳ𝑠 = {𝑖 ∈ ℳ | ‖𝜒𝑏
𝑖 − 𝜒𝑠‖2 ≤ 𝜌𝑖} . (4.1)

Reversed, the subset 𝒮𝑖 ⊂ 𝒮 denotes all slots reachable by manipulator 𝑖 and is defined as

𝒮𝑖 = {𝑠 ∈ 𝒮 | 𝑖 ∈ ℳ𝑠} . (4.2)

Manipulators that can reach an object 𝑜 comprise a subset ℳ𝑜 ⊆ ℳ. Therefore, the
distance between the robots’ bases and object 𝑜 should be considered. Further, it must be
guaranteed that a slot is reachable by a robot to which the object can be allocated,

ℳ𝑜 = {𝑖 ∈ ℳ | ‖𝜒𝑏
𝑖 − 𝜒𝑜‖2 ≤ 𝜌𝑖 ∧ 𝒮𝑜 ∩ 𝒮𝑖 ≠ ∅} . (4.3)

All objects that can be reached by manipulator 𝑖 are contained in the subset 𝒪𝑖 ⊆ 𝒪,
which is defined as

𝒪𝑖 = {𝑜 ∈ 𝒪 | 𝑖 ∈ ℳ𝑜} . (4.4)

The distance between all objects and the initial location of each manipulator’s end-effector,

𝑑0
𝑜𝑖 = ‖𝜒𝑜 − 𝜒𝑒

𝑖 ‖2, ∀ 𝑜 ∈ 𝒪, 𝑖 ∈ ℳ, (4.5)

and between all objects and slots 𝑑𝑜𝑠, defined in (3.12), are computed beforehand.
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4.3.2 Heuristic scheduling model

The proposed heuristic scheduling model assigns the objects to the robots based on their
distance to the end-effectors’ initial positions, which is computed using equation (4.5). In
case object 𝑜 ∈ 𝒪 is only accessible by a single robot, this object is assigned to that robot.
In case multiple robots are able to pick up an object, then the object is assigned to the
robot containing the least allocated objects so far to guarantee a balanced utilization of
available resources. If the available robots have the same number of assigned objects, the
current object will be assigned to the nearest robot. Concerning the allocation of objects
to slots, a first-come-first-served heuristics is used. The heuristic-based scheduling model
does not consider minimal distances for grasping and placing of objects.
Algorithm 1
Heuristc Scheduling

1: Initialize: AssignedObjects𝑖 ← {}, ∀𝑖 ∈ ℳ
2: for 𝑜 ∈ 𝒪 do
3: if |ℳ𝑜| = 1 then
4: 𝑖 ← ℳ𝑜

5: AssignedObjects𝑖 ← AssignedObjects𝑖 ∪ {𝑜}
6: else if |AssignedObjects𝑗| = |AssignedObjects𝑗′ |, ∀𝑗, 𝑗′ ∈ ℳ𝑜 then
7: 𝑖 ← arg min

𝑖∈ℳ𝑜
𝑑0

𝑜𝑖

8: AssignedObjects𝑖 ← AssignedObjects𝑖 ∪ {𝑜}
9: else

10: 𝑖 ← arg min
𝑗∈ℳ𝑜

|AssignedObjects𝑗|
11: AssignedObjects𝑖 ← AssignedObjects𝑖 ∪ {𝑜}
12: end if
13: end for

4.3.3 Optimization-based scheduling model

In the following, the scheduling model for a single robot, introduced in Sec. 3.2.2, is
extended to multiple robots. The goal of the scheduling model is to optimally allocate
a set of objects to multiple manipulators and slots. Therefore, the precedence relations
between objects is enforced for each robot individually. Besides that, not all objects and
all slots might be reachable by all robots, i.e., not all objects can be allocated to all slots
and should be optimally distributed among available manipulators. Therefore, a number
of distinct trays reachable by a number of manipulators and comprising a required number
of slots is considered. For instance, three types of objects should be sorted into three trays
by two manipulators. The first requirement is that each tray should contain at least the
number of slots equal to the number of objects. The second requirement would be that
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only objects reachable by manipulators can be sorted into corresponding trays, that in
turn should be reachable by the serving manipulator.

The MIBLP problem comprises several linear equality and inequality constraints. In order
to ensure that all objects are served by manipulators, a decision variable 𝑊𝑜𝑖 is defined.
Each object has to be assigned to exactly one manipulator, which is expressed by the
following equality constraints

∑
∀𝑖∈ℳ𝑜

𝑊𝑜𝑖 = 1, ∀ 𝑜 ∈ 𝒪. (4.6)

Not all objects and slots are reachable by all manipulators. Setting the corresponding
decision variable to zero

𝑊𝑜𝑖 = 0, ∀ 𝑜 ∈ 𝒪, 𝑖 ∈ ℳ\ℳ𝑜 (4.7)

prevents the allocation of manipulators to non-accessible objects.

The same constraints (3.2), (3.3), (3.4) and (3.5) as for a single robot should hold. The
constraints (3.4) and (3.5) must be only extended by the index set of manipulators and
have the following form

∑
∀𝑜∈𝒪𝑖

𝐹𝑜𝑖 = 1, ∀ 𝑖 ∈ ℳ, (4.8)

∑
∀𝑜∈𝒪𝑖

𝐿𝑜𝑖 = 1, ∀ 𝑖 ∈ ℳ. (4.9)

To preserve a sequence for each manipulator with the first and the last object allocated
to manipulator 𝑖, additional constraints are formulated

𝐹𝑜𝑖 ≤ 𝑊𝑜𝑖, ∀ 𝑜 ∈ 𝒪, 𝑖 ∈ ℳ𝑜, (4.10a)

𝐿𝑜𝑖 ≤ 𝑊𝑜𝑖, ∀ 𝑜 ∈ 𝒪, 𝑖 ∈ ℳ𝑜. (4.10b)

Similar to the constraints (3.6) and (3.7) for a single manipulator, a sequence of objects
must be defined for each manipulator. Therefore, each assigned object has exactly one
successor, except for the last one,

∑
∀𝑜′∈𝒪𝑖

𝑋𝑜𝑜′𝑖 = 𝑊𝑜𝑖 − 𝐿𝑜𝑖, ∀ 𝑜 ∈ 𝒪, 𝑖 ∈ ℳ𝑜. (4.11)

Furthermore, each assigned object has exactly one predecessor, except for the first one,
within a manipulator’s sequence

∑
∀𝑜∈𝒪𝑖

𝑋𝑜𝑜′𝑖 = 𝑊𝑜′𝑖 − 𝐹𝑜′𝑖, ∀ 𝑜′ ∈ 𝒪, 𝑖 ∈ ℳ𝑜′ . (4.12)

To eliminate the case that an object is its own successor or predecessor, the following
equality constraints have to hold

𝑋𝑜𝑜𝑖 = 0, ∀ 𝑜 ∈ 𝒪, 𝑖 ∈ ℳ𝑜. (4.13)
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In addition, two objects can only have a precedence relation, if they are assigned to the
same manipulator,

2 ⋅ (𝑋𝑜𝑜′𝑖 + 𝑋𝑜′𝑜𝑖) ≤ 𝑊𝑜𝑖 + 𝑊𝑜′𝑖, ∀𝑜, 𝑜′ ∈ 𝒪, 𝑜 ≠ 𝑜′, 𝑖 ∈ ℳ𝑜 ∩ ℳ𝑜′ . (4.14)

Similar constraints as for a single robot (3.8), (3.9) are formulated to avoid subcycles
for each manipulator. The continuous variable 𝐶𝑜 ≥ 1 is equal to an object’s position
within a manipulator’s sequence. To guarantee that an object is the first one within a
manipulator’s sequence, the following inequality constraint should hold

𝐶𝑜 ≤ 1 + |𝒪| ⋅ (1 − 𝐹𝑜𝑖), ∀ 𝑜 ∈ 𝒪, 𝑖 ∈ ℳ𝑜. (4.15)

The inequalities (4.15) are trivially satisfied, if 𝐹𝑜𝑖 = 0 holds, otherwise 𝐶𝑜 takes the value
of 1. The order of objects is determined by the following inequality constraints

𝐶𝑜′ ≥ 𝐶𝑜 + 1 − |𝒪| ⋅ (3 − 𝑋𝑜𝑜′𝑖 − 𝑊𝑜𝑖 − 𝑊𝑜′𝑖)
𝐶𝑜′ ≤ 𝐶𝑜 + 1 + |𝒪| ⋅ (3 − 𝑋𝑜𝑜′𝑖 − 𝑊𝑜𝑖 − 𝑊𝑜′𝑖),

∀ 𝑜, 𝑜′ ∈ 𝒪, 𝑜 ≠ 𝑜′, 𝑖 ∈ ℳ𝑜 ∩ ℳ𝑜′ . (4.16)

In case the binary variables 𝑋𝑜𝑜′𝑖, 𝑊𝑜𝑖 and 𝑊𝑜′𝑖 are equal to one, the equality 𝐶𝑜′ = 𝐶𝑜+1
is imposed. Otherwise the inequality constraints are trivially satisfied. Although the
variable 𝐶𝑜 can only take integer values, due to the constraints (4.15) and (4.16), it
is defined as a continuous variable to keep the computational burden of the algorithm
manageable. Furthermore, constraints (4.16) ensure that no subcycles occur in the set of
feasible solutions. The following Table 4.2 summarizes the relevant decision variables.

Table 4.2: Decision variables of the optimization-based scheduling model for multiple
robots.
Decision Variable Type Description

𝑊𝑜𝑖 Binary Specifies, if object 𝑜 is grasped by manipulator 𝑖
𝑌𝑜𝑠 Binary Allocation of object 𝑜 to slot 𝑠

𝑋𝑜𝑜′𝑖 Binary Immediate precedence variable takes value of one,
if object 𝑜 is picked directly before object 𝑜′ by manipulator 𝑖

𝐹𝑜𝑖 Binary First object picked by manipulator 𝑖
𝐿𝑜𝑖 Binary Last object picked by manipulator 𝑖

𝐶𝑜 ≥ 1 Continuous Equal to an object’s position within the sequence
𝑍𝑜𝑝 Binary Equal to one, if object 𝑜 is in position 𝑝 of its manipulator’s sequence

(i.e. if 𝐶𝑜 = 𝑝)

A similar objective function (3.10a) as for a single manipulator is formulated. In case of
multiple manipulators, it is important to perform all tasks in the fastest possible way. Due
to the fact that the exact duration of the tasks is not known beforehand, linear motion
with mean velocities 𝑣𝑖 of the manipulators’ end-effectors is assumed. The task completion
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time of each manipulator can be formulated in the following form

Φ𝑖 = ∑
∀𝑜∈𝒪𝑖

𝐹𝑜𝑖 ⋅ 𝑑0
𝑜𝑖/𝑣𝑖

⏟⏟⏟⏟⏟⏟⏟
Initial movement to the first object

+ (4.17)

∑
∀𝑜∈𝒪𝑖

∑
∀𝑠∈𝒮𝑖

𝑊𝑜𝑖 ⋅ 𝑌𝑜𝑠 ⋅ 𝑑𝑜𝑠/𝑣𝑖
⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟

Movement from the picked object to its allocated slot

+

∑
∀𝑜∈𝒪𝑖

∑
∀𝑜′∈𝒪𝑖\{𝑜}

∑
∀𝑠∈𝒮𝑖

𝑋𝑜𝑜′𝑖 ⋅ 𝑌𝑜𝑠 ⋅ 𝑑𝑜′𝑠/𝑣𝑖
⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟

Movement from a slot to the next object

The optimization problem of the scheduling model for multiple manipulators is formulated
in the form, where the maximum completion time, i.e., the makespan, is minimized

min Φmax (4.18a)

s.t. Φmax ≥ Φ𝑖, ∀𝑖 ∈ ℳ (4.18b)

Const. (3.2), (3.3), (4.6) − (4.16). (4.18c)

Note that constraints cannot be implemented in the form (4.17), since this would result
in quadratic equality constraints, which are nonconvex. Instead, the epigraph formula-
tion (4.18) is used to model the makespan without explicitly defining the variables Φ𝑖.
The scheduling model results in a mixed-integer quadratically constrained programming
(MIQCP) problem.

4.3.4 Proximity and concurrency constraints

In general, the occurrence of deadlocks cannot be anticipated, especially in cases the
trajectories are planned and executed online. However, by analyzing the given setup, it is
possible to reduce reproducible types of deadlocks. Two types of deadlocks can potentially
occur in a pick-and-place task. The first type involves deadlock during grasping, i.e.,
when the objects lie too close to each other. The second type of deadlock can occur
during placing, in case objects are assigned to the same tray.

The occurrence of deadlocks can already be reduced in Scheduling layer by incorporating
additional constraints in the scheduling model, formulated in (4.18). To exclude simulta-
neous picking of adjacent object and simultaneous placing to adjacent slots, the sequence
in which objects are allocated to robots should be taken into account. Therefore, an addi-
tional set 𝒫 and a binary variable 𝑍𝑜𝑝 are introduced. The set 𝒫 represents the position
of an object within a manipulator’s sequence

𝒫 = {1, … ,max
𝑖∈ℳ

|𝒪𝑖|}. (4.19)

Further, the binary variable 𝑍𝑜𝑝 designates object 𝑜 in position 𝑝 of manipulator’s se-
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quence. It takes a value of one, if 𝐶𝑜 = 𝑝 and otherwise zero. For instance, if object 𝑜 = 2
is the fourth object grasped by a manipulator 𝑖, 𝐶2 = 4 and 𝑍2,4 = 1 holds. Hence, each
object can only occupy exactly one position in a sequence

∑
∀𝑝∈𝒫

𝑍𝑜𝑝 = 1, ∀ 𝑜 ∈ 𝒪. (4.20)

Additionally, the variable corresponding to the position 𝐶𝑜 can be set equal to one

∑
∀𝑝∈𝒫

𝑍𝑜𝑝 ⋅ 𝑝 = 𝐶𝑜, ∀ 𝑜 ∈ 𝒪. (4.21)

The first type of deadlock can be circumvented by allowing two manipulators to only grasp
objects that have a minimum distance 𝑑min between each other in the same position of
their sequence,

𝑑𝑜𝑜′ + (2 − 𝑍𝑜𝑝 − 𝑍𝑜′𝑝) ⋅ 𝑑min ≥ 𝑑min, ∀ 𝑜, 𝑜′ ∈ 𝒪, 𝑝 ∈ 𝒫, (4.22)

where the distance between two objects 𝑜 and 𝑜′ is defined as

𝑑𝑜𝑜′ = ‖𝜒𝑜 − 𝜒𝑜′‖2, ∀𝑜, 𝑜′ ∈ 𝒪. (4.23)

The second deadlock situation is avoided by restricting the allocation of objects with the
same position in their manipulator’s sequence to slots of the same tray,

∑
∀𝑠∈𝒮𝜏

(𝑌𝑜𝑠 + 𝑌𝑜′𝑠) ≤ 3 − 𝑍𝑜𝑝 − 𝑍𝑜′𝑝, ∀𝜏 ∈ 𝒯, 𝑜, 𝑜′ ∈ 𝒪𝜏, 𝑜 ≠ 𝑜′, 𝑝 ∈ 𝒫. (4.24)

More precisely, two objects, where each of them is ordered in the same position of each
robot’s sequences are not allowed to be placed into the same tray. Otherwise, the robots
would serve the same tray simultaneously. For the considered scheduling model, it is
assumed that the manipulators perform a linear motion and reach their goals at the same
time. As the assumption is quite conservative, it is not sufficient in a case of large number
of objects to compute an optimal scheduling plan only once. Therefore, the scheduling
plan should iteratively be updated.

The proposed scheduling model already excludes conflicting goals of the robots a priori.
However, they still can happen in case deadlocks occur during robot’s motion and the
operation process of one robot is considerably delayed while the other robot performed a
set of tasks. In that case, the coordinator is still capable to handle the deadlocks.

4.3.5 Constraints enforcing specific order of objects

For assembly or disassembly tasks, certain objects (components of a product), should be
assembled or disassembled in a specific order. For instance, in a disassembly task, certain
objects may not be accessible instantly without extracting other objects first. If several
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robots are manipulating the same product, complexity increases further. For this reason,
additional constraints are required to enforce a specific order of objects belonging to a
product, which is to be assembled or disassembled. Let ℛ ⊆ 𝒪 denote an ordered set of
objects, which need to be picked or placed in the given order. Then, this order might be
enforced by the following inequality constraints

𝐶𝑟 + 1 ≤ 𝐶𝑟′ , ∀ 𝑟, 𝑟′ ∈ ℛ, 𝑟 ≤ 𝑟′, (4.25)

where object 𝑟 is a predecessor of object 𝑟′.

4.4 Online trajectory generation using DMPC

Consider a system of 𝑀 independent manipulators solving a joint task and sharing the
same workspace. Hereby, each manipulator 𝑖 = 1, … , 𝑀 receives its own subtask, where
the main objective is to safely plan a trajectory from its current to its goal state tak-
ing each manipulator’s environment into account. The considered environment of each
robot involves static obstacles as well as dynamic obstacles, which result from the in-
teraction between multiple robots. The proposed trajectory planning method computes
for each manipulator an optimal trajectory, taking the motion of its neighbors into ac-
count. For collision avoidance, the ellipsoid-line segment (ELS) approach is employed in
the optimization problem of each robot’s trajectory planner to ensure a safe robot-robot
interaction, which is referred to in the following as DMPC-ELS method and has been
published in [Gaf+22a]. The discrete form of the proposed DMPC-ELS problem for each
involved manipulator 𝑖 is formulated in the joint space as

min
u0∶𝑁p−1

𝑖 ,x0∶𝑁p
𝑖

𝐽 f
𝑖(x

𝑁p
𝑖 ) +

𝑁p−1

∑
𝑘=0

𝐽 c
𝑖 (x𝑘

𝑖 ,u𝑘
𝑖 ) (4.26a)

s.t. x𝑘+1
𝑖 = Ad

𝑖 x𝑘
𝑖 + Bd

𝑖u𝑘
𝑖 , 𝑘 = 0, … , 𝑁p − 1, (4.26b)

x0
𝑖 = xs

𝑖, (4.26c)

x𝑘
𝑖 ∈ 𝕏𝑖, 𝑘 = 0, … , 𝑁p, (4.26d)

u𝑘
𝑖 ∈ 𝕌𝑖, 𝑘 = 0, … , 𝑁p − 1, (4.26e)

𝑅(x𝑘
𝑖 ) ∩ 𝒪 = ∅, 𝑘 = 0, … , 𝑁p, (4.26f)

𝑅(x𝑘
𝑖 ) ∩ ℛ(x∗ 𝑘

−𝑖 ) = ∅, 𝑘 = 0, … , 𝑁p. (4.26g)

Cost function

The cost function for each manipulator is formulated identically to the trajectory planning
problem of a single manipulator, introduced in Sec. 3.2.3. The constraint (4.26c) sets the
measured joint state xs

𝑖 of manipulator 𝑖 as the initial condition of the state vector x𝑘
𝑖
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at time 𝑡𝑘 = 0. The cost function of the DMPC-ELS problem consists of the stage cost
𝐽 c

𝑖 (x𝑘
𝑖 ,u𝑘

𝑖 ) and the terminal state cost 𝐽 f
𝑖(x

𝑁p
𝑖 ). The stage cost 𝐽 c

𝑖 ∶ ℝ2𝑁 × ℝ𝑁 → ℝ,

𝐽 c
𝑖 (x𝑘

𝑖 ,u𝑘
𝑖 ) ∶= (x𝑘

𝑖 − xf
𝑖)TQ𝑥

𝑖 (x𝑘
𝑖 − xf

𝑖) + u𝑘 T
𝑖 Ru

𝑖u𝑘
𝑖 + Δu𝑘 T

𝑖 Rd
𝑖 Δu𝑘

𝑖 (𝑇s)−2 (4.27)

punishes the squared state error, i.e., the deviation of the state x𝑘
𝑖 from the desired state

xf
𝑖 = [qf T

𝑖 , 0T]T, the magnitude of the control input u𝑘 and the control smoothness,
i.e., the magnitude of Δu𝑘

𝑖 = u𝑘
𝑖 − u𝑘−1

𝑖 , with the positive definite weighting matrices
Q𝑥

𝑖 ∈ ℝ2𝑁×2𝑁, Ru
𝑖 ∈ ℝ𝑁×𝑁 and Rd

𝑖 ∈ ℝ𝑁×𝑁, respectively. The terminal state cost
𝐽 f

𝑖 ∶ ℝ2𝑁 → ℝ
𝐽 f

𝑖(x
𝑁p
𝑖 ) ∶= (x𝑁p

𝑖 − xf
𝑖)TQf

𝑖(x
𝑁p
𝑖 − xf

𝑖) (4.28)

punishes the terminal squared state error with the positive definite weighting matrix Qf
𝑖 ∈

ℝ2𝑁×2𝑁.

Mathematical model of a manipulator 𝑖

The DMPC-ELS relies upon the system dynamics of the corresponding manipulator, for
which the optimization problem (4.26) is solved. The discrete-time linear system from
(3.18) for a rigid body manipulator with 𝑁 joints is incorporated as the first constraint
(4.26b) into the DMPC-ELS problem.

Kinematic constraints

Self-collision constraints as well as limitation of joint velocities and accelerations are real-
ized similarly to a single manipulator system, introduced in Sec. 3.2.3, i.e.,

𝕏𝑖 ∶= {x𝑘
𝑖 ∈ ℝ2𝑁 ∣ x𝑖,min ≤ x𝑘

𝑖 ≤ x𝑖,max}, (4.29a)

𝕌𝑖 ∶= {u𝑘
𝑖 ∈ ℝ𝑁 ∣ u𝑖,min ≤ u𝑘

𝑖 ≤ u𝑖,max}. (4.29b)

Static collision avoidance is formulated in the constraint (4.26f) to prevent collisions with
the static environment of manipulator 𝑖. It is important to note, that the position of an
object is usually described in the task space, expressed in Cartesian coordinates. Therefore,
it is necessary to transform joint positions, described in configuration space, of manipulator
𝑖 into Cartesian coordinates by the nonlinear forward kinematics of the robot. Thus, 𝑅(x𝑘

𝑖 )
is introduced, which represents the set of interior points in Cartesian space of manipulator
𝑖 with state x𝑘

𝑖 . Further, the set 𝒪 is defined that contains the interior Cartesian points
of all static obstacles. By enforcing that the intersection of 𝑅(x𝑘

𝑖 ) and 𝒪 for state x𝑘
𝑖 is

empty, it is ensured that no collisions between the robot and its static environment occur.

Dynamic collision avoidance prevents inter-robot collisions formulated in the constraints
(4.26g). The insight on the future trajectory of each robot is utilized for collision avoidance
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between the robots. To evaluate the constraints (4.26g) for manipulator 𝑖, knowledge about
the optimal trajectories of all neighboring robots is required. For this, the trajectory
vector, which comprises the optimal trajectory of all manipulators excluding manipulator
𝑖 is introduced

x∗ 0∶𝑁p
−𝑖 = [x∗ 0∶𝑁p

1 , … ,x∗ 0∶𝑁p
𝑖−1 ,x∗ 0∶𝑁p

𝑖+1 , … ,x∗ 0∶𝑁p
𝑀 ]. (4.30)

By defining the set

ℛ(x𝑘
−𝑖) ∶=

𝑀
⋃

𝑗=1,𝑗≠𝑖
𝑅(x𝑘

𝑗 ), (4.31)

the constraints (4.26g) guarantee collision avoidance of robot 𝑖 with all other manipulators
in its neighborhood. How the constraints (4.26g) are efficiently implemented is the topic of
the subsequent section 4.4.1 and will be explained in more detail. Note that the constraint
(4.26g) establishes a coupling in states and leads to 𝑀 coupled DMPC-ELS problems.

Communication

Communication between the robots is essential to prevent inter-robot collisions. Each
manipulator solves its own trajectory planning problem based on shared information from
its neighbors to obtain an optimal trajectory to its goal state. Bidirectional communication
is performed once at each time step, where each robot shares its current and predicted
states with its neighbors. The information with a neighbor is shared in case the workspaces
of the considered manipulators overlap.

The optimization problem (4.26) is solved for each robot 𝑖 in parallel. Thus, it is nec-
essary to obtain the optimal trajectories of each robot’s neighbors, collected in x∗ 0∶𝑁p

−𝑖 a
priori. To obtain an approximation of x∗ 0∶𝑁p

−𝑖 , the extrapolation approach of Christofides
et al. [Chr+13] is used. Suppose

x̂∗ 0∶𝑁p = [x̂∗ 0∶𝑁p
1 , … , x̂∗ 0∶𝑁p

𝑀 ] (4.32)

denotes the optimal trajectories of all manipulators of the last converged DMPC step. The
required state vector x∗ 0∶𝑁p (and thus also x∗ 0∶𝑁p

−𝑖 ) is obtained by shifting x̂∗ 0∶𝑁p by one
time step and extrapolating the last state using the discrete system dynamics

x∗ 0∶𝑁p
𝑖 =̂ x̂∗ 1∶𝑁p+1

𝑖 = [x̂∗ 1∶𝑁p
𝑖 , Ad

𝑖 x̂
∗𝑁p
𝑖 + Bd

𝑖u
∗𝑁p−1
𝑖 ]. (4.33)

It is assumed that the two last optimal inputs in the sequence are equal, i.e.,

u∗𝑁p−1
𝑖 = û∗𝑁p−1

𝑖 = û∗𝑁p
𝑖 . (4.34)

Summing up, each model predictive controller of manipulator 𝑖 receives its current state x𝑘
𝑖

and the extrapolated predicted state sequence of its neighbors x∗ 0∶𝑁p
−𝑖 to avoid inter-robot

collisions.
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4.4.1 Inter-robot collision avoidance

In the following section, the dynamic collision avoidance approach based on ellipsoid-line
segment (ELS) bounding volumes is introduced. The proposed approach offers an efficient
implementation of the constraints (4.26g) in the DMPC-ELS problem (4.26). Special
care is taken to account for the whole geometry of a robot to guarantee a collision-free
trajectory rather than formulating a distance function between arbitrarily chosen points
on two links. Additionally, the goal is to derive an efficient and smooth formulation to
overcome the problem with nested logical conditions, which is a prevalent problem in
existing collision avoidance strategies, see Sec. 2.2 for more details.

The collision avoidance strategy, introduced in Sec. 3.2.3, was employed for a single manip-
ulator operating in a static environment. Taking a multi-manipulator system into account,
each robot represents a dynamical obstacle to the other one. Consider two manipulators,
illustrated exemplary in Fig. 4.4, performing pick-and-place tasks in close proximity to
each other, where collisions between the robots are imminent. The links of one manipula-
tor are encapsulated by line swept spheres (LSSs), resulting in a spherocylindrical shape,
and the links of the neighbored robots by ellipsoids. To guarantee that constraints (4.26g)
are fulfilled, it is necessary to ensure that no intersections between LSSs and ellipsoids
occur at each time step 𝑘 = 0, … , 𝑁p for all involved manipulators. Enforcing the inter-
sections of sets to be empty has the advantage that the whole geometry of manipulators
is considered and thus a collision avoidance between all links of two or more robots is
guaranteed. Therefore, it is important to choose proper dimensions of the ellipsoids with
a suitable safety margin.

To explain the derivation of the proposed approach in more detail, collision avoidance

x
yz

Figure 4.4: Illustrative representation of the robots’ geometry, where left robot is modeled
by a series of line segments resulting in LSSs (spherocylinders) and the right robot by
several ellipsoids.
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between two manipulators 𝑖 and 𝑗 is considered. Starting from the perspective of ma-
nipulator 𝑖, for which the optimization problem (4.26) is solved, each link 𝑚 ∈ 𝜇 − 1 of
manipulator 𝑖 is modeled by LSSs. To this end, a line segment s𝑚 is defined as

s𝑚(x𝑘
𝑖 , 𝛼𝑚) ∶= b𝑚(x𝑘

𝑖 ) + 𝛼𝑚r𝑚(x𝑘
𝑖 ), 𝛼𝑚 ∈ [0, 1], (4.35)

where the vector b𝑚(x𝑘
𝑖 ) ∈ ℝ3 denotes the position vector to the basis of the considered

link and the vector r𝑚(x𝑘
𝑖 ) ∈ ℝ3 describes the direction from b𝑚(x𝑘

𝑖 ) to b𝑚+1(x𝑘
𝑖 ) of the

subsequent link. The parameter 𝛼𝑚 restricts the line segment s𝑚 to the length of the
considered link.

Each link 𝑛 ∈ 𝜂 − 1 of the manipulator 𝑗 is modeled by an ellipsoid

{e ∈ ℝ3 ∣ 𝐻𝑛(e,x𝑘
𝑗 ) = 1} (4.36)

for a given state x𝑘
𝑗 ∈ ℝ2𝑁. The ellipsoid is parameterized by the quadratic function

𝐻𝑛(e,x𝑘
𝑗 ) ∶= (e − e0,𝑛(x𝑘

𝑗 ))TR𝑛(x𝑘
𝑗 )E𝑛RT

𝑛(x𝑘
𝑗 )(e − e0,𝑛(x𝑘

𝑗 )), (4.37)

where e ∈ ℝ3 denotes a point on the ellipsoid. The centre point e0,𝑛(x𝑘
𝑗 ) is computed

from the position vectors of the considered link b𝑛(x𝑘
𝑗 ) and the subsequent link b𝑛+1(x𝑘

𝑗 )
as

e0,𝑛(x𝑘
𝑗 ) = 1

2
(b𝑛+1(x𝑘

𝑗 ) + b𝑛(x𝑘
𝑗 )). (4.38)

Further, the rotation matrix R𝑛(x𝑘
𝑗 ) ∈ SO(3) describes the rotation of link 𝑛 relative to

the inertial frame. Finally, the diagonal matrix

E𝑛 = diag( 1
𝑙21

, 1
𝑙22

, 1
𝑙23

) ∈ ℝ3×3 (4.39)

comprises the squared inverse principal semi-axes 𝑙1, 𝑙2, 𝑙3 ∈ ℝ>0 of the ellipsoid.

The principal semi-axes of each ellipsoid should be chosen sufficiently large, i.e., at least
twice as large as the width of a robot link, and should cover the two joints connecting the
link. This is illustrated in Fig. 4.5.

To ensure that the line segment 𝑚 of manipulator 𝑖 does not intersect with the ellipsoid
𝑛 of manipulator 𝑗, the following condition has to hold

1 − 𝐻𝑛(s𝑚(x𝑘
𝑖 , 𝛼𝑚),x𝑘

𝑗 ) ≤ 0, {𝑖, 𝑗} ∈ 𝑀, 𝑛 ∈ 𝜈, 𝑚 ∈ 𝜇. (4.40)

The former condition introduces an additional decision variable 𝛼𝑚 ∈ [0, 1] into the opti-
mization problem (4.26), which significantly increases computational costs depending on
the number of collision-prone links to be considered. To overcome this problem, the con-
dition (4.40) is reformulated into a constrained optimization problem to determine 𝛼∗

𝑚 by
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Figure 4.5: Illustrative example of a collision-prone pair of robotic links.

solving

min
𝛼𝑚

𝐻𝑛(b𝑚(x𝑘
𝑖 ) + 𝛼𝑚r𝑚(x𝑘

𝑖 ),x𝑘
𝑗 ) (4.41)

𝑠.𝑡. 0 ≤ 𝛼𝑚 ≤ 1. (4.41a)

For sake of readability, the explicit reference to x𝑘
𝑖 and x𝑘

𝑗 is dropped in the following. To
solve the optimization problem (4.41), the unconstrained optimization problem is solved
first, i.e.,

d
d ̂𝛼𝑚

(b𝑚 + ̂𝛼𝑚r𝑚 − e0,𝑛)TR𝑛E𝑛RT
𝑛(b𝑚 + ̂𝛼𝑚r𝑚 − e0,𝑛) != 0, (4.42)

rT
𝑚R𝑛E𝑛RT

𝑛(b𝑚 − e0,𝑛) + ̂𝛼𝑚rT
𝑚R𝑛E𝑛RT

𝑛r𝑚 = 0, (4.43)

where the optimal solution

̂𝛼∗
𝑚 = −

(b𝑚 − e0,𝑛)TR𝑛E𝑛RT
𝑛r𝑚

rT
𝑚R𝑛E𝑛RT

𝑛r𝑚
(4.44)

holds. However, the solution of ̂𝛼∗
𝑚 is unbounded and valid in the range ̂𝛼∗

𝑚 ∈
(−∞, ∞). The solution (4.44) is guaranteed to exist since E𝑛 is positive definite, i.e.,
rT

𝑚R𝑛E𝑛RT
𝑛r𝑚 > 0 holds. To bound the solution of ̂𝛼∗

𝑚 onto the unit interval, a projec-
tion operator 𝑃 ∶ (−∞, ∞) → [0, 1] is applied to determine the solution of the constrained
optimization problem (4.41) in a closed form

𝛼∗
𝑚 = 𝑃( ̂𝛼∗

𝑚) = 𝑃 (−
(b𝑚 − e0,𝑛)TR𝑛E𝑛RT

𝑛r𝑚

rT
𝑚R𝑛E𝑛RT

𝑛r𝑚
) . (4.45)
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To transform 𝑃 into a continuously differentiable function, an approximation in the general
form

̂𝑃 (𝑥) = 𝑥 Φ(𝑥) − (𝑥 − 1) Φ(𝑥 − 1) (4.46)

is chosen, where a smooth approximation of the Heaviside function is applied

Φ(𝑥) = 1
1 + exp(−𝑐𝑥)

, (4.47)

with 𝑐 ∈ ℝ>0 as a scaling parameter. Note that for 𝑐 → ∞ the function ̂𝑃 converges
towards 𝑃. By choosing 𝑐 = 20, the maximum absolute error of ̂𝑃 (𝑥) amounts to 1.13⋅10−2.
Both functions ̂𝑃 and 𝑃 are given in Fig. 4.6.
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Figure 4.6: A comparison between the projection operator 𝑃(𝛼) and the approximated
function ̂𝑃 (𝛼) with parameter 𝑐 = 20 [Gaf+22a].

4.4.2 Comparison of centralized and distributed optimization

In the following, the solution quality of the DMPC solution is investigated by comparing
it to the centralized one. Therefore, a simple trajectory is chosen, where two manipula-
tors of type UR3 are commanded to move to opposite sides. To successfully reach the
goal state, the robots must avoid each other. Note that an ideal dynamical model of
decoupled integrators, introduced in (3.17), has been used for UR3 model. The trajec-
tory is computed in the distributed and centralized scheme for prediction horizon lengths
𝑁p = {10, 15, 20, 25, 30}. The results of three joint angles of one robot for prediction hori-
zon lengths 𝑁p = {10, 20, 30} are given in Fig. 4.7. As can be seen from the results, the
deviation of the distributed solution from the centralized solution becomes smaller with
increasing prediction horizon length, where the solution of the distributed scheme closely
follows the solution of the centralized one. Fig. 4.8a illustrates the evolution of the mean
squared error of the joint angles of centralized and distributed MPC over the prediction
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horizon length. The greatest decrease of the error can be observed from 𝑁p = 15 to
𝑁p = 20. From the prediction horizon length 𝑁p = 20 upwards, the mean squared error
of the joint angles remains almost constant and slowly converges towards zero. Fig. 4.8b
shows how the mean computation times 𝑇c of CMPC and DMPC scale with increasing pre-
diction horizon length. By determining the ratio of computation times 𝑟𝑡 = mean(𝑇c,CMPC)

mean(𝑇c,DMPC)
between the two schemes, the ratio 𝑟𝑡 increases significantly from 1.5 for prediction hori-
zon length of 𝑁p = 10 to 1.9 for prediction horizon length of 𝑁p = 30. Solving the DMPC
problem for a setup of two manipulators in parallel reduces the computation times by
factor of almost two.

The results demonstrate that the distributed solution converges towards the centralized
one for an increasing prediction horizon length and takes significantly less computation
time. In addition, a prediction horizon length of 𝑁p = 20 is sufficient to obtain results
with DMPC that are close to the centralized one. The evaluation of the results show
that solving the problem of trajectory planning in real time for a multi-robot system in
the centralized scheme is intractable. Due to limited computational resources in real time
applications, it is necessary to solve the problem of trajectory planning for a multi-robot
system in a distributed scheme.

4.5 Reactive deadlock resolution approach

Deadlocks can always occur within a team of manipulators sharing a common workspace
and operating each autonomously, i.e., each robot’s motion controller plans and executes
its tasks online. Such kind of systems have been rarely studied as an intelligent coordina-
tion between the robots is imminent to keep the robotic system collision- and deadlock-free.
The proposed deadlock resolution approach introduced in the following allows for an au-
tonomous operation of each manipulator sharing a common workspace, where deadlocks
can be detected and resolved during task execution. Each robot is able to detect if it
is currently stuck in a deadlock and a supervisory instance is capable of resolving any
occurring deadlock within a team of manipulators.

The proposed reactive deadlock approach builds upon the work of Jäger et al. [JN01].
Deadlocks may occur in a setup of multiple manipulators, where one or more manipulators
block each others motion, so that their respective goal remains unreachable until the
deadlocks are resolved. Cases in which deadlock between multiple manipulators can occur
are:

• Densely overlapping workspaces: due to manipulator’s complex kinematic chain
many trajectory planners fail to find a path for every manipulator.

• Regions of manipulators’ initial or goal states lie too close to each other. Due to
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Figure 4.7: Comparing solutions from distributed and centralized MPC for three joint
angles with different prediction horizon lengths.
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certain safety margins for collision avoidance, it might become impossible to place
an object in the working region of another manipulator. In that case a sequential
processing of tasks is necessary.

In case a deadlock occurs, the solution of the optimization problem (4.26) is stuck in a local
minimum. The exchange of information between the DMPCs of manipulators about their
current and predicted states is not sufficient to resolve an occurred deadlock. Therefore, a
coordinator in the role of a supervisory instance is proposed, that takes over the following
tasks:

• Communication with the robots about their deadlock status.

• Clustering of robots in deadlock-affected and non-deadlock-affected groups of robots.

• Selecting robots, which are given a higher priority to finish their tasks and disabling
all other robots.

• Deciding whether the disabled robots can proceed with their previous tasks.

The coordinator initiates its supervisory role, if one or more robots report a deadlock. For
this, a local deadlock detection algorithm is proposed, where each manipulator 𝑖 monitors if
its currently in a deadlock and shares this information with the coordinator. Manipulator
𝑖 reports to be in a deadlock if both of the following conditions hold:

1. The 𝐿2 norm of the joint velocities must be sufficiently small.

2. The deviation of the robot’s measured state xs
𝑖 and the desired state xf

𝑖 must be
sufficiently large.

The two conditions can be formulated logically as

∥q̇∗ 0
𝑖 ∥

2
≤ 𝜀𝑣 ∧ ∥xs

𝑖 − xf
𝑖∥2

≥ 𝛿𝑥 ⇒ 𝛾𝐷,𝑖 = 1. (4.48)

The parameter 𝛾𝐷,𝑖 ∈ {0, 1} denotes the deadlock parameter that is communicated from
each robot to the coordinator. Once, a single robot or multiple robots report a deadlock,
the coordinator initiates its clustering and resolving procedure. The clustering procedure,
summarized as pseudo-code in Algorithm 2, aims at distributing robots into deadlock-
affected and non-deadlock-affected groups by their mutual distances. To this end, the
coordinator receives current and goal states of each robot to compute the distances between
them. In the first step, all robots 𝑅𝑖, 𝑖 = 1, … , 𝑀 belong to 𝑀 disjoint clusters 𝒞𝑖, i.e.,
𝒞𝑖 = {𝑅𝑖}. In case of a deadlock for a manipulator 𝑅𝑖, i.e., 𝛾𝐷,𝑖 = 1, the coordinator
computes the distances between the robot 𝑅𝑖 and all its neighbors. Thereafter, all robots
which are sufficiently close to manipulator 𝑖 are moved to the same cluster 𝒞𝑖. This
clustering procedure ensures that only deadlock-affected robots are assigned to the same
cluster while the cluster of non-deadlock-affected robots remain unchanged. Depending
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on the number of robots, there may exist multiple clusters of deadlock-affected robots.

Fig. 4.9 illustrates two examples of the clustering procedure. In the first example, presented
in Fig. 4.9a, the robot 𝑅1 reports to the coordinator that it is currently in a deadlock.
As robot 𝑅2 is the closest to robot 𝑅1, the coordinator clusters them to the same group
𝒞1. Thus, the cluster 𝒞2 remains empty. As robot 𝑅3 is not involved in the deadlock,
it remains in its own cluster 𝒞3. Another example, depicted in Fig. 4.9b, presents two
deadlocks occurred independently of each other. One deadlock is detected between robots
𝑅2 and 𝑅3, while the other one is present between robots 𝑅4 and 𝑅5. As robot 𝑅1 is
not involved in any of the deadlocks, the coordinator determines three clusters. The first
cluster 𝒞1 of robot 𝑅1 remains unchanged. The second cluster comprises the two robots
𝑅2 and 𝑅3. As robot 𝑅3 has been moved to cluster 𝒞2, the cluster 𝒞3 is empty. The same
holds true for the last two clusters 𝒞4 and 𝒞5. While the cluster 𝒞4 consists of the robots
𝑅4 and 𝑅5 that are currently in a deadlock, the cluster 𝒞5 remains empty.

To resolve a deadlock, the following steps are required, summarized as pseudo-code in
Algorithm 3. The coordinator sends the resolving parameter 𝛾R,𝑖 = 0 to all robots in a
cluster 𝒞𝑗, except for the robot 𝑖min with the smallest distance to its target pose, denoted
as residual res(𝑖min), that receives 𝛾R,𝑖min

= 1. A resolving parameter of 𝛾R,𝑖 = 0 stands
for a new neutral goal state xD

𝑖 . The neutral pose is chosen in the manner, that a robot
minimizes its occupancy in the workspace by shrinking the links and thus leaving more
space to the robot that is allowed to proceed to its goal. Once the robot finishes its task,
i.e., reaches its goal state with the allowed tolerance 𝜀tol, the clusters are reset by sending
all involved robots to their respective cluster 𝒞𝑗 = {𝑅𝑖}. Further, each robot’s resolving
parameter is set to 𝛾R,𝑖 = 1, assigning the robots their former goals to complete their
previous tasks.

Algorithm 2
Clustering

1: for 𝑖 = 1 to 𝑀 do
2: if 𝛾𝐷,𝑖 = 1 then
3: Check which robots are sufficiently close
4: for 𝑗 = 1 to 𝑀 do
5: if 𝑖 ≠ 𝑗 & dist(𝑅𝑖, 𝑅𝑗) ≤ 𝑑min then
6: Add robot 𝑅𝑗 to the cluster 𝒞𝑖

7: else
8: Robot 𝑅𝑗 remains in its own cluster
9: end if

10: end for
11: end if
12: end for
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(a) Three robots in two clusters.
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(b) Five robots in three clusters.

Figure 4.9: Two examples of clustering procedure.

Algorithm 3
Resolving deadlocks

1: for 𝑗 = 1 to 𝑀 do
2: 𝑖min = argmin𝑖∈𝒞𝑗

res(𝑖)
3: Send 𝛾𝑅,𝑖 = 1 to robot 𝑖 = 𝑖min

4: Send 𝛾𝑅,𝑖 = 0 to all robots 𝑖 ∈ 𝒞𝑗\𝑖min

5: if res(𝑖min) < 𝜀tol then
6: Send 𝛾𝑅,𝑖 = 1 to all robots 𝑖 ∈ 𝒞𝑗

7: Redistribute all robots to their original clusters
8: end if
9: end for

4.6 Summary

This chapter introduces a novel optimization-based TAMP approach for multi-manipulator
systems that handles both task and robot coordination. The hierarchical structure of the
proposed control scheme enables the effective deployment of a group of manipulators,
providing both modularity and scalability. The novelty of the scheduling approach lies in
its formulation as a mixed-integer quadratically constrained programming problem, which
allows for the easy incorporation of various constraints. This enables the prevention of
certain deadlocks a priori and optimal task distribution among the robots. Furthermore,
a specific order of objects can be enforced for assembly and disassembly tasks. The overall
objective of task coordination is to minimize the maximum completion time required
for all robots to complete the task. To demonstrate the benefits of the optimization-
based scheduling model, a heuristic model will be employed for benchmarking through
simulations and experiments.
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The trajectory planning problem is addressed using model predictive control (MPC), al-
lowing for online trajectory planning for each robot with a distributed MPC (DMPC)
scheme. The novel collision avoidance approach, termed ELS, allows a close operation
of manipulators in the common workspace, where the whole geometry of collision-prone
bodies are considered. Communication between robots is managed through the exchange
of predicted trajectories between the DMPC-based motion controllers, which is allowed
only between neighbored robots. The collision avoidance strategy, integrated into each
robot’s DMPC as DMPC-ELS, enables trajectory replanning to prevent collisions with
neighboring robots. The system’s reliability is further enhanced by a coordinator that
reacts to and resolves deadlocks involving only deadlock-affected robots. An efficient
clustering procedure ensures that robots not involved in a deadlock can operate without
interruption.
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5 Simulation-based study

In this chapter, a simulation-based study comprising a team of manipulators is conducted.
The joint goal of the robots is to sort different types of objects into corresponding trays.
First, a setup of two robots is considered, where the task assignments are carried out with
the heuristic or the optimization-based scheduling approach, introduced in Chapter 4.3.
The study comprises 20 samples, where in each sample six objects are randomly distributed
in the shared workspace. The execution times and success rates are evaluated to draw
conclusions about the performance of both scheduling models. Further, the influence of
prediction horizon length on the performance of the DMPC-ELS is analyzed.

A benchmark analysis of the DMPC-ELS approach and several state-of-the-art sampling-
and optimization-based planners is conducted in the next step. For this purpose, five
performance metrics are introduced to evaluate the quality of the planned trajectories:
path length, execution time, planning time, smoothness, and success rate. Finally, the
scalability of the DMPC-ELS approach of up to four robots is demonstrated. For that,
different constellations of robots are considered to perform pick-and-place tasks in a static
environment. The contents of this chapter have been published in [GYR21; Gaf+22a].

5.1 General settings

The proposed TAMP approach, introduced in Sec. 4.2, is applied for a two-manipulator
system, illustrated in Fig. 5.1. The simulation setup comprises two modules, two collab-
orative robotic manipulators UR3 from Universal Robots, six objects and two trays. A
module is comprised of a table, on top of which a single manipulator is placed. The mod-
ular approach allows for flexibility by coupling multiple modules to each other, making
cooperation between robots possible. The common workspace of the robots is occupied by
two trays and six objects. The objective of each manipulator is to pick up several objects
in the shared workspace and to place them into the assigned trays. Each tray contains
three slots the objects can be placed into and both trays can be served by both robots. For
each sample, the six objects are randomly placed in the common workspace by applying
random sequential adsorption (RSA) [Eva93]. Additional reachability constraints ensure
that the objects are placed accessible to both robots.
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Robot 1 Robot 2

Tray 1

Tray 2

Figure 5.1: Simulation setup with 2 modules of UR3 robots.

The sequence of setpoints assigned to each robot is determined by utilizing the heuristic
or the optimization-based scheduling model from Sec. 4.3. Prior to sending a sequence
of setpoints to the DMPC-ELS, inverse kinematics is applied to transform setpoints from
Cartesian space into configuration space of each manipulator. As a result, the action
planner transforms a set of setpoints into a set of target states, which are sent subsequently
to each DMPC-ELS of the robots. Once the robot successfully reached its previously
assigned target state, the action planner sends the next target state to the robot. In case
deadlocks occur during a task execution, the coordinator resolves them. Further, the action
𝒜p&p for pick-and-place task is assigned to each target state of the robot, introduced in
Sec. 4.2. As grasping of objects is not the main focus of this work, the picking or placing
procedure is only performed from above. Straight up and down movements from a small
distance to corresponding objects are carried out by sending the setpoints directly to
velocity tracking controllers of the robot.

The gripper attached to each robot is from Schunk with the model name Co-act EGP-C
40-N-N-URID1. Gazebo provides an interface to control the robots using ROS , where the
communication to the Universal Robots ROS driver is established by the ROS Action
Protocol. Each robot is controlled using a velocity controller hardware interface. Using
the ROS interface as a means of communication between subsystems allows for an easy
substitution of the Gazebo simulation model with a real testbed, see Chapter 6, without
adapting the control algorithm in any aspect.

1https://schunk.com/de/de/greiftechnik/parallelgreifer/co-act-egp-c/c/PGR_3995 (Last visited:
18.03.2024)

https://schunk.com/de/de/greiftechnik/parallelgreifer/co-act-egp-c/c/PGR_3995
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The simulation study is conducted in the robotic simulation environment Gazebo [KH04].
The properties of objects are specified a priori while simulating the environment, omitting
the Object Detection layer. The multi-robot scheduling problem, formulated as MIQCP
problem (4.18), is solved using Gurobi [Gur23]. The control algorithms are implemented
in MATLAB using CasADi [And+19] for setting up the NLP (4.26) for the DMPC-ELS.
CasADi is chosen due to its capability of automatic differentiation, where the first- and
second-order derivatives of the cost function and constraints are computed and provided
to the interior point solver IPOPT [WB06]. Further, MA27 [Lib18] is used to solve the
underlying linear system. In addition, CasADi is instructed to pre-compile the optimiza-
tion problems (4.26) for each robot using just-in-time compilation. Both model predictive
controllers run in parallel on a machine equipped with an Intel i7-11800H CPU with 8
cores and 32 GB RAM under Ubuntu 20.04. The coordinator is employed on the same
machine and communicates with the MPCs via the UDP protocol. The UDP protocols
are also used for exchange of information between robots. The parameters for DMPC-ELS
and the deadlock algorithm are listed in Table 5.1.

Table 5.1: Parameters for DMPC-ELS and deadlock algorithm.

DMPC-ELS Parameters
Sampling time 𝑇s = 200 ms
Termination criterion (pose accuracy) 𝜀tol = 4 ⋅ 10−2 rad
Weighting matrices:

- predicted states Qx
𝑖 = diag(1, 1, 1, 0.2, 0.2, 1, 1, 1, 1, 0.1, 0.1, 0.1)2

- final state Qf
𝑖 = 5 Qx

𝑖
- control inputs Ru

𝑖 = I6×6 s4

rad2

- control input deviations Rd
𝑖 = I6×6 s6

rad2

Limits on joint velocities q̇max/min = ±[𝜋, 𝜋, 𝜋, 2𝜋, 2𝜋, 2𝜋] rad
s

Limits on control inputs umax/min = ±[𝜋, 𝜋, 𝜋, 2𝜋, 2𝜋, 2𝜋] rad
s2

Upper bound on joint angles qmax = [2𝜋, 0, 0, 1
6𝜋, 𝜋, 2𝜋] rad

Lower bound on joint angles qmin = [−2𝜋, −𝜋, −5
6𝜋, −5

6𝜋, 0, −2𝜋] rad
Deadlock Parameters
Velocity tolerance 𝜀𝑣 = 1.5 ⋅ 10−3 rad

s
State tolerance 𝛿𝑥 = 1.2 ⋅ 10−2 rad
Clustering parameter 𝑑min = 0.2 m
Setup Parameters
Table height 𝑧T = 1.107 m
Table offset zmin = [0, 0, 0.04] m
Grasping offset 𝑧offset = 0.06 m
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5.2 Environmental modeling

The simulation environment, illustrated in Fig. 5.1, is designed to evaluate the performance
of the DMPC-ELS approach, with each robot acting as a dynamically changing obstacle
to the other. In the considered setup, the table represents a static obstacle. To prevent
collisions between the robot and the table, a plane is defined along the table. For each
robot, the intersection of the basis of each link b𝑚 with the plane is constrained by

b𝑚 ≥ z + zmin, (5.1)

where z = [0 0 𝑧T]T represents the table’s height and zmin is an offset. This constraint
enforces the condition (4.26f) in the DMPC-ELS problem (4.26). The offset zmin accounts
for the radius of the two wrist joints (Wrist 1 and Wrist 2) and the end-effector, i.e., the
last wrist including the gripper. For safety reasons, 20% greater dimensions than necessary
are chosen for zmin. The setup parameters are specified in Table 5.1. The kinematic chain
and the corresponding joint nomenclature of the utilized robot from Universal Robots is
given in Fig. 5.2. The kinematics and DH-parameters of UR3 are provided on the official
website of Universal Robots3.

A

B

C

D

E

F

Figure 5.2: The joint nomenclature of a collaborative manipulator from Universal Robots
is as follows A:Base, B:Shoulder, C:Elbow, D:Wrist 1, E:Wrist 2, F:Wrist 3

To prevent inter-robot collisions, the ELS method from Sec. 4.4.1 is used. Determining
the necessary number of collision avoidance constraints is a matter of pre-processing.
The geometric representation of collision-prone bodies for the two robots is illustrated
in Fig. 4.4. The geometry of each robot, for which the DMPC problem is solved, is
modeled by 𝑁L = 8 line segments. The body of the respective neighbored robot is enclosed
within 𝑁E = 5 ellipsoids, encapsulating the basis, subsequent three links (Shoulder, Elbow,
Wrist 2) and the end-effector including the gripper, referred to as Wrist 3. This results in
𝑁dyn = 𝑁L ⋅𝑁E = 40 collision constraints per time step of the prediction horizon. By using
sufficiently large ellipsoids, the three short line segments connecting Basis and Shoulder,

3https://www.universal-robots.com/articles/ur/application-installation/
dh-parameters-for-calculations-of-kinematics-and-dynamics/ (Last visited: 18.03.2024)

https://www.universal-robots.com/articles/ur/application-installation/dh-parameters-for-calculations-of-kinematics-and-dynamics/
https://www.universal-robots.com/articles/ur/application-installation/dh-parameters-for-calculations-of-kinematics-and-dynamics/
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Table 5.2: Collision-prone pair of links for the two-robot setup.

Robot 𝑖 (Line Segments) Robot 𝑗 (Ellipsoids) Ndyn ⋅ Np

Wrist 2, Wrist 3 Shoulder 2 ⋅ 𝑁p
Elbow, Wrist 2, Wrist 3 Elbow 3 ⋅ 𝑁p
Elbow, Wrist 2, Wrist 3 Wrist 2 4 ⋅ 𝑁p
Shoulder, Elbow, Wrist 2, Wrist 3 Wrist 3 5 ⋅ 𝑁p

Shoulder and Elbow and Wrist 1 and Wrist 2 can be omitted, reducing the number of
collision constraints to 𝑁dyn = 25 for a single time step.

The number of collision constraints can be further reduced by considering the specific
setup. Due to the relative distances between the robots, not all potential collision pairs
need to be considered, as some pairs may never intersect geometrically. For instance,
in the given setup, one robot cannot reach the base of the other, and the shoulders of
both robots cannot collide. Consequently, the number of constraints to be considered
reduces to 𝑁dyn = 14 for each time step. For a prediction horizon of 𝑁p = 20, this totals
280 constraints, in addition to other constraints in the DMPC problem (4.26). Table 5.2
provides a summary of the collision-prone link pairs after preprocessing. In the considered
setup, two DMPC problems of the form (4.26) need to be solved.

Finally, to prevent self collisions, upper and lower bounds on joint angles are imposed to
restrict the angle motion of each joint. The chosen parameters are listed in Table 5.1.

5.3 Benchmark analysis of scheduling approaches

In the following, a benchmark analysis of the heuristic and the optimization-based schedul-
ing approaches is conducted, see Sec. 4.3.3 and Sec. 4.3.2. To this end, 20 samples of six
consecutive pick-and-place tasks with different object positions in the shared workspace
are investigated. Further, three different prediction horizon lengths 𝑁p ∈ {10, 15, 20} are
considered to investigate the influence of the prediction horizon length on the performance
of the DMPC-ELS method.

Choosing a proper prediction horizon length can reduce computational burden, but it
might have a crucial effect on the performance of MPC. On the one hand, too short
prediction horizon length can result in a jerky motion of the robot in close proximity to
an obstacle, as MPC might be unable to anticipate an obstacle in time and hence, have
difficulties to plan a smooth trajectory circumventing it. On the other hand, long horizon
length can have a consequence of high computational load, that is impractical for real-time
motion planning [Zhu+24].
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5.3.1 Heuristic task assignment

The performance of the proposed control approach is demonstrated exemplary on the basis
of one selected sample, for which a prediction horizon length of 𝑁p = 20 is chosen. The
tasks are equally distributed among both robots by employing the heuristic scheduling
approach, see Sec. 4.3.2. Considering six objects in total, each robot’s task is to place
three of the randomly distributed objects into slots of the assigned trays. The position of
each robot’s basis and the objects as well as the distances between the assigned objects are
provided in Table 5.3. Fig. 5.3 illustrates the robots’ trajectories for ten distinct time steps
extracted from the simulation environment Gazebo. The robots in their initial position
are shown in Fig. 5.3a. The heuristic scheduling approach does not consider minimal

(a) 𝑡 = 0 s (b) 𝑡 = 19 s (c) 𝑡 = 38 s

(d) 𝑡 = 54 s (e) 𝑡 = 72 s (f) 𝑡 = 88 s

(g) 𝑡 = 105 s (h) 𝑡 = 127 s (i) 𝑡 = 136 s

(j) 𝑡 = 150 s

Figure 5.3: Selected time frames from Gazebo simulation during the sorting task using the
heuristic task assignment. The video of the simulation is available at the following URL
[Gaf+22a].
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Figure 5.4: Gantt chart of heuristically computed schedule.

distances between adjacent objects. Thus, two objects might be assigned to both robots
which cannot be grasped simultaneously resulting in a deadlock. A sequential grasping is
then required to resolve the deadlock. This is the case for the first assigned objects to the
robots, where the distance between the assigned objects is below the minimum deadlock-
free distance, i.e., 𝑑13 < 0.12 m, leading to a deadlock between the robots. The deadlock
is resolved, where Robot 2 moves to its neutral pose allowing Robot 1 to grasp its object,
illustrated in Fig. 5.3b. This results in a delay of Robot 2 which grasps its first object
while Robot 1 already finished its first task. The second deadlock occurs for the last task
of Robot 1 and the second task of Robot 2, which is resolved at time 𝑡 = 72 s as shown in
Fig. 5.3e. The objects lie on opposite sides of each robot, so that simultaneous grasping
is physically impossible. Once the Robot 1 grasps its last object and moves away, Robot
2 can move thereafter to its objects, depicted in Fig. 5.3f. Comparing Fig. 5.3g–5.3i, this
leads to an additional delay of Robot 2 resulting in the last two pick-and-place tasks of
Robot 2 to be performed by this robot alone.

The Gantt chart in Fig. 5.4 shows the distribution of the six objects to the trays between
the two robots and their execution of the tasks over time. The number on the top-left of
each bar indicates the ID ∈ {1, 2, 3, 4, 5, 6} of the object which has to be grasped by the
respective robot, whereas the number on the top-right of each bar specifies the assigned
tray. The length of each bar represents time-to-completion for a specific pick-and-place
task. The total duration to accomplish all pick-and-place tasks by both robots is denoted
as execution time 𝑇e. The Gantt chart illustrates the effect of both deadlocks on the
execution time of Robot 2 resulting in an execution time of 140 s. A closer look at the
Gantt chart indicates that the first two tasks were assigned to the same tray. In other
words, both robots have to serve the same tray which leads in any case to a deadlock,
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as the objects cannot be placed into the same tray simultaneously. The chosen scenario
demonstrates that the heuristic scheduling approach often leads to deadlocks in realistic
pick-and-place tasks.

Table 5.3: Robot and object positions and distances for the selected sample.

Robot’s basis in m
𝑅1,0 = [0.0, 0.0, 1.107] 𝑅2,0 = [0.7, 0.0, 1.107]
Object positions in m Distance between the objects in m
p1 = [0.356, 0.0949, 1.107] 𝑑13 = 0.1056, 𝑑14 = 0.1826, 𝑑15 = 0.0947
p2 = [0.437, −0.125, 1.107] 𝑑23 = 0.1366, 𝑑24 = 0.1974, 𝑑25 = 0.222
p3 = [0.364, −0.01, 1.107] 𝑑31 = 0.1056, 𝑑32 = 0.1366, 𝑑36 = 0.1332
p4 = [0.252, −0.055, 1.107] 𝑑41 = 0.1826, 𝑑42 = 0.1974, 𝑑46 = 0.1229
p5 = [0.283, 0.035, 1.107] 𝑑51 = 0.0947, 𝑑52 = 0.2220, 𝑑56 = 0.1852
p6 = [0.34, −0.141, 1.107] 𝑑63 = 0.1332, 𝑑64 = 0.1229, 𝑑65 = 0.1852

5.3.2 Optimization-based task assignment

In the following, the tasks are distributed among the robots using the optimization-based
scheduling approach, introduced in Sec. 4.3.3. To conduct a comparison between the two
scheduling methods, the identical sample of six pick-and-place tasks is considered as in
the previous Sec. 5.3.1 with a prediction horizon length of 𝑁p = 20. The sequence of
pick-and-place tasks assigned to both robots can be viewed in the Gantt chart presented
in Fig. 5.5. In addition, the Gantt chart provides information about the execution of each
pick-and-place task.

Time in s
0 50 100 150

2 1 1

1 2 2

6 2 1

3 5 4

Robot 1

Robot 2

Figure 5.5: Gantt chart of the optimization-based scheduling approach.
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The Gantt chart of the optimization-based scheduling approach shows that the scheduler
managed to assign both robots to different trays at the same time. Fig. 5.6 illustrates
several time frames of the respective Gazebo simulation. The alternating serving of the
trays can be seen throughout the selected time frames, where robots serve different trays
at the same time. In addition, simultaneous grasping is possible for the first two assigned
objects, as the optimization-based scheduling approach considers a minimum grasping
distance. However, as only a minimum distance between the objects and not between the
robots’ links is considered, it may occur that a simultaneous grasping is not always feasible.
Fig. 5.6f illustrates this case for the last assigned objects. However, as Robot 2 reaches its
object earlier than Robot 1, no deadlock occurs between the robots. Once Robot 2 has
grasped its object, Robot 1 can proceed with its last task and places the last object into
the assigned tray some time later, see Fig. 5.6g. This introduced delay between the robots
can be determined from the Gantt chart and amounts to 12 s. Nevertheless, the delay is
still considerably lower than resolving an occurred deadlock. Thus, as demonstrated, it is
not always possible to prevent all deadlocks a priori by optimal task scheduling alone.

(a) 𝑡 = 0 s (b) 𝑡 = 17 s (c) 𝑡 = 27s

(d) 𝑡 = 48 s (e) 𝑡 = 61 s (f) 𝑡 = 81 s

(g) 𝑡 = 104 s (h) 𝑡 = 115 s

Figure 5.6: Selected time frames from Gazebo simulation during the sorting task using the
optimization-based task assignment.
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5.3.3 Discussion

In the following section, the results of all 20 sampled pick-and-place scenarios performed
with the proposed TAMP approach and two different scheduling methods are compared
and discussed. In addition, the influence of the prediction horizon length on the DMPC-
ELS approach is investigated. Therefore, success rate 𝑆r over execution time 𝑇e has
been evaluated for different prediction horizon lengths 𝑁p ∈ {10, 15, 20}. The results are
presented in Fig. 5.7. The success rate 𝑆r represents the number of time steps without
any deadlocks divided by the total number of time steps. Additionally, Table 5.4 provides
means and standard deviations of execution times and success rates for both scheduling
approaches.

Table 5.4: Mean and standard deviations of success rates and execution times for 20
samples.

Heuristic Optimization-based
Np Te± std(Te) Sr± std(Sr) Te± std(Te) Sr± std(Sr)
10 122.36 ± 21.61 0.947 ± 0.0438 86.98 ± 19.24 0.953 ± 0.0462
15 113.55 ± 24.35 0.923 ± 0.0610 85.43 ± 16.51 0.955 ± 0.0235
20 108.04 ± 14.41 0.952 ± 0.0373 87.37 ± 15.04 0.968 ± 0.0230

The results for the heuristic scheduling approach show that the mean execution time and
its standard deviation considerably drop with longer prediction horizon lengths. Heuristic
task assignments can often lead to unfortunate intersections between the robots that can
result in potential collisions between multiple links that have to be avoided or even cause
multiple deadlocks. With a longer prediction horizon each robot receives predicted trajec-
tories of its neighbors over longer period of time that makes possible to react upon potential
collisions faster and compute better trajectories resulting in lower execution times. In com-
parison, no significant influence of the prediction horizon length on the mean execution
time can be observed in case of the optimization-based scheduling approach. Neverthe-
less, the mean execution time is significantly lower compared to the heuristic scheduling
approach. Concerning the success rate for using the heuristic scheduling approach, the
means and standard deviations remain in the same range, almost independent of the
prediction horizon length. The same holds true for the optimization-based scheduling
approach. Furthermore, the scattering of success rates, i.e., the standard deviations, de-
creases with longer prediction horizon length for both scheduling methods. However, the
success rate for the optimization-based scheduling approach is higher than for heuristic
scheduling approach. This can be attributed to the fact that on average more deadlocks
occur and thus more outliers are present in case of heuristic task assignment. With the
optimization-based scheduling approach deadlocks can be prevented by assigning tasks in
an optimal manner. In other words, deadlocks can be considered a priori by assigning
objects above a deadlock-free distance to be grasped and by the constraint that each tray
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may only be served by one robot at a time. Overall, employing the optimization-based
scheduling approach in the proposed TAMP leads to considerably shorter execution times
and higher success rates. This investigation demonstrates that the occurrence of deadlocks
can considerably be reduced by imposing additional constraints in the scheduling layer and
assigning tasks to the robots in an optimal manner.

Heuristic Optimization-based
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Figure 5.7: Distribution of success rate over execution time of the 20 considered samples
with the heuristic and the optimization-based scheduling methods for different prediction
horizon lengths.
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5.4 Benchmark analysis of trajectory planners

In the following, the performance of the DMPC-ELS approach is compared with several
state-of-the-art trajectory planners. The same setup involving two robots, introduced in
Sec. 5.3, is used. As in the benchmark analysis in Sec. 3.3 for a single manipulator sys-
tem, three sampling-based planners – namely PRM, PRM∗, and RRT-Connect – and the
optimization-based planner CHOMP are selected. The methodologies of the trajectory
planners are provided in Table 3.2. The main difference in this comparison is the substi-
tution of BiTRRT with PRM∗[KF11]. This substitution was made to include an optimal
planner among the sampling-based planners, allowing its performance to be assessed rel-
ative to CHOMP and DMPC-ELS. PRM∗ is an asymptotically optimal version of PRM.
More details about each planner can be found in Sec. 2.1.4 and Sec. 2.2.

For the benchmark analysis, the selected state-of-the-art trajectory planners are employed
to compute the trajectory from initial to target pose of both robots simultaneously. After
the planning phase, the trajectories of both robots are executed concurrently. In total, 20
samples of consecutive pick-and-place tasks are considered, with each sample involving six
randomly distributed objects, as shown in Fig. 5.1. For each sample, the tasks are allocated
between the robots using both the heuristic and the optimization-based scheduling method.
To ensure comparability between the planners, the same deadlock resolution procedure
outlined in the proposed TAMP, introduced in Sec. 4.2, is implemented across all planners.

5.4.1 Performance metrics

The same performance metrics used in the benchmark analysis in Sec. 3.3.1 for a single
robot are also selected to evaluate the quality of the generated trajectories for multiple
robots: path length, execution time, planning time, and trajectory smoothness. It is im-
portant to note that the execution time 𝑇e refers to the time required to complete all
tasks by both robots. The safety distance to the environment has been replaced with the
success rate 𝑆r, which represents the percentage of successfully planned tasks simultane-
ously completed by all robots. For the DMPC-ELS, the success rate indicates the number
of time steps during which both robots performed pick-and-place tasks simultaneously,
divided by the total number of time steps. For global planners, the success rate reflects
the number of planning cycles in which a solution was found for both robots, divided by
the total number of planning cycles. During the remaining time steps or planning cycles,
when robots are resolving a deadlock, only one robot executes its task while the rest of
deadlock-affected robots wait in their neutral pose.
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5.4.2 Heuristic task assignment

The results for the 20 samples of six consecutive pick-and-place tasks obtained with the
heuristic scheduling approach are provided in Table 5.5 for both robots. In the table,
the planner RRT-Connect is abbreviated as RRTC. Also, Fig. 5.8 summarizes the four
considered performance metrics for Robot 1. The results for Robot 2 are similar to Robot
1 and are therefore omitted. As the planning time is part of the execution time, the two

Table 5.5: Results for 20 pick-and-place task samples using a two-robot setup and the
heuristic scheduling approach [Gaf+22a].
Planner Np mean(Tp)± std(Tp) Te± std(Te) L± std(L) s± std(s) Sr

in ms in s in m in 𝑟𝑎𝑑
𝑠

Robot 1 Robot 2 Robot 1 Robot 2 Robot 1 Robot 2
DMPC 10 32.88 ± 14.34 31.84 ± 18.24 122.36 ± 21.61 5.02 ± 1.35 5.80 ± 1.58 27.40 ± 7.24 28.33 ± 6.57 95%

15 57.47 ± 24.41 59.89 ± 26.53 113.55 ± 24.35 5.03 ± 1.25 5.41 ± 1.47 25.62 ± 6.67 26.20 ± 8.27 95%
20 75.99 ± 34.76 78.66 ± 34.21 108.04 ± 14.41 5.01 ± 1.01 5.29 ± 0.85 25.67 ± 6.18 24.09 ± 2.84 95%

CHOMP - 4643 ± 1129.90 266.66 ± 56.30 4.93 ± 1.04 6.71 ± 1.97 48.80 ± 26.48 49.78 ± 19.64 43%
PRM - 299.50 ± 357.34 70.47 ± 13.10 7.30 ± 2.46 8.10 ± 2.90 45.04 ± 11.10 48.74 ± 9.58 75%
PRM∗ - 10066 ± 29.81 308.59 ± 56.61 5.73 ± 1.47 5.79 ± 1.55 38.72 ± 7.92 43.98 ± 6.95 76%
RRTC - 53 ± 15.93 65.60 ± 12.08 6.19 ± 1.98 7.43 ± 2.76 42.27 ± 8.85 47.00 ± 9.57 72%

performance metrics cannot be considered independently of each other. The longest exe-
cution time can be observed for PRM∗, see Fig. 5.8a. Sampling-based planners guarantee
probabilistic completeness, i.e., a solution is found within a finite amount of time if one
exists. In case of PRM∗ this comes at the cost of predefining a maximum planning time
that stops improving the found trajectory. A maximum planning time of 10 s is chosen for
PRM∗. As can be seen in Fig. 5.8c, PRM∗ needs on average about 104 ms to find a path to
the target, i.e., the planner needs the maximum planning time of 10 s that is specified. As
the longest planning time arises for PRM∗, it also leads to the longest execution time. The
second longest execution time is observed for CHOMP. CHOMP needs on average 4643 ms
to plan a trajectory for both robots, the second longest of all planners, which explains the
results. The execution times of the other planners are considerably shorter. This can be
mainly attributed to the significantly shorter planning times of PRM and RRT-Connect.
This is especially true for RRT-Connect, that needs on average only 50 ms to plan a tra-
jectory for both robots. In case of DMPC-ELS, a deacreasing tendency of execution times
with increasing length of prediction horizon can be observed. However, the computation
time increases with longer prediction horizon as larger optimization problems have to be
solved.

A short execution time does not necessarily correlate with a short pathlength. The plan-
ners PRM and RRT-Connect yield the shortest execution times, however resulting also in
the longest pathlength compared to the other planners. The planners compute a feasible
solution rapidly which might not necessarily be the best one. The results of DMPC-ELS
show no significant improvement of pathlength with increasing prediction horizon length.
Also CHOMP manages to compute the shortest pathlength similar to the DMPC-ELS
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approach.

Concerning the smoothness of the generated trajectories, the DMPC-ELS approach com-
putes the smoothest trajectories compared to all state-of-the-art planners. This is due
to the fact, that the investigated global planners provide jerky movements. Especially
CHOMP shows the highest standard deviations of trajectory smoothness.

Finally, the success rate of the planners is investigated. CHOMP yields the lowest success
rate among all the planners which amounts to 43 %. Although, CHOMP manages to
find a trajectory for both robots in half of the cases, several collisions between the robots
could be observed. In 57 % of cases CHOMP fails completely to find a solution for both
robots simultaneously. The success rates of the considered sampling-based planners are
comparable and lie between 72 % and 76 %. The DMPC-ELS planner manages to find a
solution on average in 95 % of time steps, independent of the prediction horizon length.

DMPCNp=10 DMPCNp=15 DMPCNp=20 CHOMP PRM
PRM* RRT-Connect
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Figure 5.8: Evaluation of performance metrics for the sorting task for 20 samples of pick-
and-place tasks using the heuristic scheduling approach [Gaf+22a].
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5.4.3 Optimization-based task assignment

In the next step, the identical 20 sampled pick-and-place tasks, the same planners and
the optimization-based scheduling approach are considered. The performance metrics for
both robots are reported in Table 5.6. In addition, the results for Robot 1 are illustrated
in Fig. 5.9.

Table 5.6: Results for 20 pick-and-place task samples using a two-robot setup and the
optimization-based scheduling approach.
Planner Np mean(Tp)± std(Tp) Te± std(Te) L± std(L) s± std(s) Sr

in ms in s in m in 𝑟𝑎𝑑
𝑠

DMPC 10 34.03 ± 18.86 34.27 ± 17.73 86.98 ± 19.24 4.77 ± 1.06 4.94 ± 1.13 13.76 ± 3.88 12.49 ± 3.75 95 %
15 57.89 ± 28.14 62.56 ± 59.76 85.43 ± 16.51 4.86 ± 1.21 4.85 ± 1.12 14.10 ± 5.00 13.07 ± 4.50 96 %
20 81.31 ± 44.52 83.86 ± 51.49 87.37 ± 15.04 4.96 ± 0.86 4.87 ± 1.11 14.84 ± 5.00 12.97 ± 5.37 97 %

CHOMP - 9376.50 ± 3902.96 427.70 ± 155.88 3.16 ± 1.62 3.16 ± 2.05 26.61 ± 15.82 23.63 ± 13.98 42 %
PRM - 199.50 ± 275.50 60.73 ± 12.90 5.86 ± 1.94 6.40 ± 2.39 38.11 ± 6.84 41.00 ± 10.51 76 %
PRM∗ - 10073.00 ± 36.14 297.17 ± 37.31 5.44 ± 1.27 5.28 ± 1.82 37.46 ± 5.99 40.03 ± 7.07 80 %
RRTC - 66.50 ± 40.56 58.37 ± 8.50 5.57 ± 1.37 6.03 ± 2.21 37.34 ± 6.50 40.71 ± 6.90 76 %

In contrast to the previous section, CHOMP leads to the longest execution time. This can
be attributed to the fact that CHOMP has the second longest planning time, only slightly
less than the planning time observed for PRM∗. Incidentally, even though PRM∗ has the
longest planning times, the planned trajectories need 120 s less on average to plan and
execute a pick-and-place task for both robots. All other planners have significantly shorter
execution and planning times. Particularly noticeable are the high standard deviations
of planning times in case of PRM. These high fluctuations in planning times can be
attributed to the lack of asymptotic optimality of the algorithm [KF11]. For the DMPC-
ELS approach, it can be observed that an increase of the prediction horizon length has no
significant influence on the length of the execution time. As expected, only computation
times increase with increasing prediction horizon length as larger optimization problems
have to be solved.

Concerning the pathlength of the planners, PRM, PRM∗ and RRT-Connect compute on
average paths of similar length to a target for both robots. In contrast, CHOMP delivers
the best results compared to all the other planners. The DMPC-ELS approach shows a
slight increase in pathlength with increasing prediction horizon length.

The smoothest trajectories are computed by the DMPC-ELS approach with results that
are almost independent of the prediction horizon length. PRM, PRM∗ and RRT-Connect
compute trajectories of similar smoothness, while CHOMP delivers slightly better results
than the other global planners, which still fall short of the DMPC-ELS approach by a
huge margin.

Considering the success rate, CHOMP yields the worst results, i.e., 42 %, of all the inves-
tigated planners. In over half of the cases CHOMP fails to find a solution for both robots.
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PRM∗ delivers the best result among the sampling-based planners with 80 % success rate.
PRM and RRT-Connect have the same success rate, that is only 4 % lower than of PRM∗.
The DMPC-ELS approach yields the best results compared to all planners, that amounts
to 97 % for a prediction horizon length of 𝑁p = 20.
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Figure 5.9: Evaluation of performance metrics for the sorting task for 20 samples of pick-
and-place tasks using the optimization-based scheduling approach.

5.4.4 Scalability analysis

In a multi-robot setup, especially if more than two robots are solving a joint task, reliable
and efficient algorithms for trajectory planning are necessary. Therefore, it is investigated
how well the state-of-the-art planners and the DMPC-ELS approach scale to more than
two robots. The scalability is assessed by the success rate of the planners as it indicates
how many time steps a planner was able to find a path to a target for all robots without
executing a sequential pick-and-place procedure of one robot at a time. In conjunction to
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the already investigated two robot setup, setups with three and four robot modules are
investigated as well.

Fig. 5.10 visualizes a setup with three modules, which are connected in series. The ma-
nipulator in the middle has to cooperate with two robots in different workspaces, while
the outer robots have only one neighbor. A setup with nine randomly placed objects in
two different workspaces is considered. Each robot is assigned three objects which need
to be placed in one of the four trays. Each tray can be served by two robots. The objects
in the common workspace are accessible by both robots sharing the common workspace.
Fig. 5.11 shows several selected time steps from one sample in a Gazebo simulation. Since
the focus lies especially on the proposed DMPC-ELS approach, the selected time frames
show trajectory planning executed with the DMPC-ELS approach. At the beginning, the
interaction between two robots occurs between the robot on the right and the robot in the
middle, see Fig. 5.11a. Fig. 5.11b illustrates the first assigned task of placing the grasped
objects into the specified trays. The robot in the middle switches to the workspace on its
left side, shown in Fig. 5.11c. Due to the fact, that the objects are in close proximity a
deadlock occurs. Therefore, the robot on the left has to wait in its neutral pose, while the
robot in the middle finishes its assignment. Several time steps later, the robot in the mid-
dle overcomes the collisions with its neighbor by choosing a trajectory over it to place its
object into the assigned tray, see Fig. 5.11d. Next, the robot in the middle returns to the
workspace shared with the robot on the right side. A closer look at Fig. 5.11e shows that
at time step 𝑡 = 62 s another collision avoidance between two robots occurs. Fig. 5.11f
illustrates that after 80 s all the tasks are accomplished by all robots. For all samples the
robots were able to reliably detect deadlocks and avoid collisions between each other.

Next, a setup with four modules and thus four manipulators is considered, see Fig. 5.12.
The four manipulators are placed in the manner to form one common workspace. Thus,

Figure 5.10: Simulation setup with 3 modules of UR3 robots [Gaf+22a]
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multi-robot cooperation takes place for each robot with three neighbors. The robots are
placed close to each other so that collisions between three robots are imminent. In this
setup, twelve randomly placed objects and four trays are considered. Each tray can only
be served by two robots. The goal of the robots is to sort all objects into the assigned
trays. Two selected time frames in Fig. 5.12 show multi-robot cooperation performed
with the DMPC-ELS approach. This constellation requires special care, as the number
of collision avoidance constraints increases with the number of robots and a cluster of
deadlock-affected robots should be reliably identified and differentiated from robots that
are not involved in a deadlock. The robots successfully accomplished the joint task by
avoiding collisions with each other and successfully resolving deadlocks.

Fig. 5.14a shows the success rates for the considered planners. The success rate of the
DMPC-ELS approach is almost independent of the number of robots, i.e., in 95 % of
time steps no deadlock is detected or resolved. The high success rate demonstrates that
the proposed TAMP is highly efficient and reliable for different constellations of robots.
Considering the global planners, the success rate decreases for an increasing number of
robots, in general, except for CHOMP, where the planner delivers better results for the

(a) 𝑡 = 6 s (b) 𝑡 = 20 s

(c) 𝑡 = 33 s (d) 𝑡 = 42 s

(e) 𝑡 = 62 s (f) 𝑡 = 80 s

Figure 5.11: Selected time frames from the Gazebo simulation for three robots. The video
of the simulation is available at the following URL [Gaf+22a].
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linear setup of three robots than for two robots. The reason might lie in the specific
setup of three modules, i.e., two different workspaces and a middle robot which alternates
between both. That means, one of the outer robots operates for several pick-and-place
tasks completely alone leading to a high success rate, as one of the three robots remains
always deadlock-free. However, the performance of CHOMP drastically deteriorates for
the setup of 4 robots, where the success rate merely amounts to 30 %. The results of
the other planners, namely PRM, PRM∗ and RRT-Connect lie almost in the same range
and decrease almost linearly with the number of robots. PRM∗ delivers slightly better
results than PRM and RRT-Connect for a setup of two and three robots. Nevertheless,
RRT-Connect leads to better results for a setup of four robots.

Further, the computation times of DMPC-ELS approach for the two setups of three and
four robots are analyzed to draw conclusions about its applicability to multi-robot setups.

Figure 5.12: Simulation setup with four modules of UR3 robots [Gaf+22a]

(a) 𝑡 = 27 s (b) 𝑡 = 46 s

Figure 5.13: Selected time frames from the Gazebo simulation for four robots. The video
of the simulation is available at the following URL [Gaf+22a].
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Figure 5.14: Success rate of the planners and computation times of the DMPC-ELS ap-
proach [Gaf+22a].

Fig. 5.14b shows the mean computation times depending on the number of robots. In
addition, the influence of the prediction horizon lengths on computation times are investi-
gated. As expected, the mean computation times increase superlinearly with an increasing
number of robots and prediction horizon length. However, the mean computation times
and standard deviations do not exceed the sampling time of 𝑇s = 200 ms for any number of
robots and prediction horizon lengths. Thus, the approach shows a potential to compute
optimal trajectories for more than 4 robots for shorter prediction horizon lengths.

5.4.5 Discussion

In summary, no significant impact of the scheduling approach, whether heuristic or
optimization-based, was observed on the performance of the global planners. However,
the performance of the global planners, assessed by the performance metrics, varied no-
tably in certain cases.

PRM∗ demonstrated the highest success rate among the global planners, likely due to
its asymptotic optimality, a characteristic absent in PRM and RRT-Connect. The dense
search graph constructed by PRM∗ also resulted in the smoothest trajectories. However,
PRM∗ consistently utilized the maximum predefined planning time, leading to higher
execution times. While RRT-Connect and PRM performed well across the selected met-
rics, PRM slightly outperformed RRT-Connect with the heuristic scheduling approach,
though both had similar success rates with the optimization-based approach. In contrast,
CHOMP performed poorly across nearly all metrics. Regardless of the scheduling ap-
proach, CHOMP failed to generate a path for both robots simultaneously in over half
of the cases, necessitating a sequential pick-and-place process that significantly increased
execution time. More severely, several collisions were encountered between the robots for
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trajectories planned by CHOMP. This might be attributed to the use of soft constraints
for collision avoidance, which does not guarantee collision-free paths.

Scalability analysis of the global planners revealed difficulties in finding feasible paths
as the number of robots increased. CHOMP exhibited the poorest scalability, with a
success rate of only 30 % for a four-robot setup. The sampling-based planners showed
an almost linear decline in success rate as the number of robots increased, achieving
successful path planning in about 50 % of cases for four robots. These findings indicate
that global planners are not well-suited for multi-robot setups, even in static environments
as considered in this chapter.

The DMPC-ELS approach outperforms the investigated global planners across all selected
performance metrics. The high success rate of over 95 % regardless of the scheduling
approach, highlights its efficiency. Although computation times remain well below the
sampling time of 𝑇s = 200 ms, they pose a bottleneck if additional constraints are intro-
duced. A suitable choice of the prediction horizon length may alleviate the computational
burden. Since the performance metrics show minimal improvement beyond 𝑁 p = 15, this
horizon length is optimal to choose. In scenarios involving robot-robot cooperation, each
robot can independently replan its trajectory at each time step, ensuring that a change
in one robot’s target does not affect the other. This demonstrates that DMPC-ELS offers
high flexibility for various multi-robot setups in static environments.

5.5 Summary

The simulation-based study presented in this chapter demonstrated the performance of
the proposed TAMP approach applied to a team of manipulators operating within a com-
mon workspace. The study included several benchmark analyses to compare the proposed
method with established techniques, particularly in the areas of task scheduling and trajec-
tory planning. The simulations involved two manipulators, two trays, and six objects. The
robots’ joint goal was to sort randomly distributed objects in the shared workspace into
the corresponding trays. To achieve this, 20 different sorting task samples were analyzed.
By optimally assigning tasks between the robots, the execution times were significantly
reduced. The optimization-based scheduling approach accounts for certain deadlock sce-
narios a priori. Although it cannot completely eliminate deadlocks, there is a notable
improvement by optimally assigning tasks to the robots.

Additionally, the quality of the planned trajectories was assessed using five performance
metrics: path length, execution time, planning time, smoothness, and success rate. The
results indicated that the DMPC-ELS approach outperformed state-of-the-art planners in
nearly all metrics. While state-of-the-art planners perform well in static environments,



104 Chapter 5: Simulation-based study

they are effective only for single-robot setups. For example, CHOMP exhibited significant
drawbacks in computing trajectories for multiple robots, with only 30% of tasks being
executed simultaneously by four robots. Even with successfully planned trajectories, colli-
sions between robots occurred. This leads to the conclusion that state-of-the-art planners
are not suitable for multi-robot systems (MRS). Finally, the scalability analysis demon-
strated that DMPC-ELS could plan collision-free trajectories for up to four robots with
acceptable mean computation times. For shorter prediction horizons, setups with even
more robots may be feasible.
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6 Experimental study

This chapter is devoted to the experimental investigation of the proposed TAMP approach
on a multi-manipulator system with two collaborative manipulators. The robots’ joint
goal is to solve a given task with minimal makespan through cooperation. The considered
product is a truck composed of three parts: a cab, a chassis, and a load. The load can be
either a trailer or a tanker. An object detection algorithm is trained to identify and classify
objects in the robots’ workspace. Various experiments are conducted to demonstrate col-
lision avoidance, deadlock resolution, and the performance of the robots in disassembling
or sorting different types of objects. The first experiment shows how effectively immi-
nent potential collisions between the robots are avoided by employing the DMPC-ELS
method. Additionally, three reproducible types of deadlocks between the two robots are
demonstrated. Finally, two different experimental setups of robot-robot cooperation are
introduced in detail. In the first setup, the robots sort different parts of a truck into the
assigned trays. In the second, the two robots cooperatively disassemble three trucks into
single parts, where the order of disassembly steps is crucial. Identical performance metrics
are applied for comparing the proposed trajectory planner and state-of-the-art planners, as
in the simulation-based study in Chapter 5.4.1. The task assignments for both experimen-
tal setups are executed using the heuristic and optimization-based scheduling approach.
The videos of the experiments are available at the following URL [GWR24].

6.1 Experimental setup

The following experimental setup, depicted in Fig. 6.1, consists of two collaborative UR5e
manipulators from Universal Robots with a payload of 5 kg each. With 𝑁 = 6 joints,
composed of Base, Shoulder, Elbow, Wrist 1, Wrist 2 and Wrist 3, each robot has a
maximum reach of 850 mm. Each manipulator is mounted on top of a portable table,
which is referred to as a module, having a dimension 80 cm × 80 cm × 107 cm. The
distance between the robots’ bases is 1.1 m in the positive 𝑦-direction. Both robots are
equipped with a Robotiq 2F-851 gripper, which is attached to the end-effector (Wrist 3)
with a maximum stroke of 85 mm. Grasping is performed identically to the previous

1https://robotiq.com/de/produkte/adaptiver-2-finger-robotergreifer-2f85-140 (Last visited:
18.03.2024)

https://robotiq.com/de/produkte/adaptiver-2-finger-robotergreifer-2f85-140
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Figure 6.1: Experimental setup with two UR5e collaborative robots and two cameras.

experiments involving a single UR3 manipulator and is thus limited to straight up and
down movements towards the object or away from it. The height from which an object
is picked or placed for the considered experimental setup is denoted as grasping offset
𝑔offset = 0.13 m.

For reasons of reliability, two Intel RealSense D4552 depth cameras are employed. The
upper camera (Camera 1), shown in Fig. 6.1, captures the top view of the workspace,
whereas the side camera (Camera 2) captures the side view of the workspace. In case
when objects become invisible to one of the cameras, i.e., an occlusion occurs, the other
camera can still detect the objects in the common workspace. An occlusion might occur if
robot’s body blocks the visibility of a camera and thus the objects cannot be detected. A
checkerboard pattern is used to calibrate the cameras and transform the objects’ positions
to the coordinate frame of a robot. In the considered experimental setup, the reference
frame is set in the base of Robot 1.

Each ArUco marker [Gar+14] serves as a virtual tray for the objects. Uniqueness of
each marker is guaranteed, where each marker has its own ID and to which a specific
class of objects is assigned. Moreover, each ArUco marker can be freely placed in the
workspaces of the robots, which allows to test different setup constellations. The multi-
robot scheduling problem, formulated as MIQCP problem (4.18), is solved using Gurobi
[Gur23]. The communication between the object detection unit, the robot control unit and
the TAMP unit is established via ROS, running each on a different computer system unit.

2https://www.intelrealsense.com/depth-camera-d455/ (Last visited: 18.03.2024)

https://www.intelrealsense.com/depth-camera-d455/
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Each computer unit publishes and subscribes the necessary data within the same ROS
network. The depth cameras are connected to the object detection unit, while the robots
with the grippers are coupled to the robot control unit. ROS Master which itself runs on
the robot control unit, receives optimal control inputs from DMPC-ELS and sends current
robot’s states back to it. The coordinator continuously receives data from both robots,
however the deadlock resolution scheme is initiated once a deadlock has been detected.
The hardware and software used for the experimental testbed are given in Table 6.1. The
parameters chosen for DMPC-ELS and deadlock algorithm are provided in Table 6.2.

Table 6.1: Hardware and software used for the experimental testbed.
Object Detection Unit Robot Control Unit TAMP Unit

Processor Intel Core i5-8500@3.00GHz Intel Core i5-9600K@3.7GHz Intel Core i7-11800H@2.30GHz
RAM 16 GB 16 GB 16 GB
dGPU Nvidia Quadro P1000 - Nvidia T1200 Laptop GPU
OS Ubuntu 18.04 Ubuntu 18.04 Ubuntu 20.04
ROS Melodic Morenia Melodic Morenia (ROS Master) Noetic Ninjemys
Testbed 2×Intel RealSense D455 2×UR5e -
Components 2×Robotiq 2F-85 gripper

Table 6.2: Parameters for DMPC-ELS and deadlock algorithm for UR5e.
DMPC-ELS Parameters
Sampling time 𝑇s = 200 ms
Prediction horizon length 𝑁p = 15
Termination criterion (pose accuracy) 𝜀tol = 4 ⋅ 10−2 rad
Weighting matrices:

- predicted states Qx
𝑖 = diag(1, 1, 1, 0.2, 0.2, 1, 2, 0.1, 0.1, 0.01, 0.01, 0.01)3

- final state Qf
𝑖 = 3 Qx

𝑖
- control inputs Ru

𝑖 = 0.1 ⋅ diag(1, 1, 1, 0.1, 0.1, 0.1) s4

rad2

- control input deviations Rd
𝑖 = 5 ⋅ diag(1, 1, 1, 0.1, 0.1, 0.1) s6

rad2

Limits on joint velocities ̇qmax/min = ±[𝜋/2, 𝜋, 𝜋, 𝜋, 𝜋, 𝜋] rad
s

Limits on control inputs umax/min = ±[𝜋/2, 𝜋, 𝜋, 𝜋, 𝜋, 𝜋] rad
s2

Upper bound on joint angles qmax = [2𝜋, 0, 2.4, 𝜋, 𝜋, 2𝜋] rad
Lower bound on joint angles qmin = [−2𝜋, −𝜋, −2

3𝜋, −𝜋, −𝜋, −2𝜋] rad
Deadlock Parameters
Velocity tolerance 𝜀𝑣 = 1.5 ⋅ 10−3 rad

s
State tolerance 𝛿𝑥 = 1.2 ⋅ 10−2 rad
Clustering parameter 𝑑min = 0.23 m

6.2 Object detection

In the following, the object detection algorithm is introduced which involves identifica-
tion, localization and classification of objects. The main objectives are to localize and
classify objects into different classes, and identify the objects’ positions, orientations and
dimensions. An object class consists of the object’s geometry and its color. Prior to per-
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forming a pick-and-place task, each robot’s task planner requires the object’s position and
its orientation relative to the world coordinate system (WCS).

An OpenCV [Bra00] checkerboard pattern, which is located between both robots, is used
for camera calibration and extrinsic parameter estimation. First, each camera is calibrated
individually. Calibration involves finding the focal length, optical center, and distortion
coefficients. Second, the location and orientation of the checkerboard pattern with respect
to the WCS needs to be determined. This is done by tracing specific points, i.e., the
corners of the squares, with the end-effector of Robot 1 and logging its pose. Using the
recorded positions of the checkerboard corners in the WCS, the rotation and translation
vectors that transform points from the checkerboard’s coordinate system to the WCS is
determined using the Kabsch-Umeyama algorithm [Kab76; Ume91]. Third, the extrinsic
parameters, i.e., rotation and translation vectors, which relate each camera’s coordinate
system to the WCS are determined. To this end, images of the checkerboard pattern are
captured from both cameras4. All of these steps combined give translation vectors and
rotation matrices to translate the captured objects from the local coordinate systems of
the cameras into the WCS.

Fig. 6.2 shows a truck (Fig. 6.2a) and its components (Fig. 6.2c-6.2f), which are used as
object classes for the following experiments. The truck consists of a cab, a chassis and a
trailer or a tanker. A truck can also be partially assembled, as illustrated in Fig. 6.2b.

(a) Truck (b) Truck without trailer (c) Cab

(d) Chassis (e) Trailer (f) Tanker

Figure 6.2: Object classes for object detection algorithm.

Fig. 6.3 presents the architecture used for the object detection algorithm. Each camera
4https://github.com/IntelRealSense/librealsense/blob/master/wrappers/python/examples/box_

dimensioner_multicam/box_dimensioner_multicam_demo.py

https://github.com/IntelRealSense/librealsense/blob/master/wrappers/python/examples/box_dimensioner_multicam/box_dimensioner_multicam_demo.py
https://github.com/IntelRealSense/librealsense/blob/master/wrappers/python/examples/box_dimensioner_multicam/box_dimensioner_multicam_demo.py
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delivers RGB images and a point cloud. For classification of objects, the YOLOv5 [Joc20]
real-time object detection algorithm is used. For model identification, a joint model of
both cameras is trained, for which 756 images are captured by the upper camera and 758
images by the side camera, resulting in 1514 RGB images in total. The aim was to capture
different constellations of trucks and single components in the common workspace. In the
next step, the objects in the images are labeled by hand, i.e., suitable bounding boxes and
object classes are assigned. The training data for YOLOv5 is split into a training (70 %
of samples), validation (20 % of samples) and test set (10 % of samples). The number of
training epochs amounted to 1000.

Camera 1

YOLOv5

RGB
Image

Object
Class

Point
Cloud

Object’s Class Object’s Color Position, Orientation, Dimension

Bounding
Box

Local Point
Cloud

Camera 2

RGB
Image

Object
Class

Point
Cloud

Bounding
Box

Local Point
Cloud

YOLOv5

Figure 6.3: Architecture of the object detection algorithm.

After YOLOv5 is identified, the model is used for the output of both cameras. Fig. 6.4
demonstrates the output from YOLOv5 with respect to Camera 1 and Camera 2. For both
cameras, YOLOv5 identifies the four objects placed in the common workspace and returns
bounding boxes and classes. The location of the bounding boxes are already transformed
into the WCS. In the next step, the color of each object is identified from the RGB images
and the bounding boxes by using the KNN [MPP09] algorithm. Following color classes
are distinguished for the experimental setup, which are red, blue, green, yellow, gray and
black. The depth cameras are able to provide point clouds to obtain the dimensions of
identified objects. The bounding boxes allow to restrict the region to the area occupied
by an object in order to obtain a local point cloud. By merging the local point clouds
from both cameras, the position, orientation and dimensions of the identified objects are
obtained. The dimensions of an object include length, width and height.

The output of the object detection algorithm can be summarized as the vector of tuples
Tobj ∈ (ℝ3 × 𝑆𝑂(3) × ℝ3 × Σ)𝑛obj , where each tuple is comprised of the position vector
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(a) Top view (Camera 1) (b) Side view (Camera 2)

Figure 6.4: Localization and classification of object classes with the upper (Camera 1) and
side (Camera 2) cameras.

p ∈ ℝ3, the orientation vector o ∈ 𝑆𝑂(3), the dimensions d ∈ ℝ3 and the object class
𝜎 ∈ Σ. The object class of an assembled or partially assembled truck is

Σ = ΣCab × ΣChassis × (ΣTrailer ∪ ΣTanker).

The object classes of truck’s components, which are tanker, trailer, chassis and cab, are
defined as follows

ΣTanker = {𝜖} ∪ {Tanker} × {red, blue, green, yellow} = {𝜖, rTA, bTA, gTA, yTA},

ΣTrailer = {𝜖} ∪ {Trailer} × {red, blue, green, yellow} = {𝜖, rTL, bTL, gTL, yTL},

ΣChassis = {𝜖} ∪ {Chassis} × {gray} = {𝜖, gCH},

ΣCab = {𝜖} ∪ {Cab} × {black} = {𝜖, bCB}.

The letter 𝜖 indicates that the respective part of the truck was not recognized, i.e. is not
present.

6.3 Collision avoidance

In the following experimental setup, the proposed collision avoidance approach of DMPC-
ELS is demonstrated in case of imminent collisions between two robots. Fig. 6.5 presents
the robots’ states at selected time frames from the experiment. A blue trailer and a green
container are used in the setup. The blue trailer is assigned to Robot 1, while the green
tank has to be grasped by Robot 2. Both objects have to be placed on top of ArUco
markers lying on opposite sides of the common workspace to provoke imminent collisions
between the robots. The resulting joint angles for both robots are depicted in Fig. 6.5.

The states of the robots before and after picking up both objects are shown in Fig. 6.5b
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and Fig. 6.5c, respectively. Figure 6.5 illustrates the grasping procedure, showing the
progression of the joint angles at time 𝑡 = 8 s during the straight down and up movements
of both robots, affecting the joint angles 𝑞2, 𝑞3 and 𝑞4. Grasping and placing of objects
are performed from a specified height after the reference pose has been reached. To place
the grasped objects into the assigned slots, each robot moves to the opposite side of the
workspace. Fig. 6.5d illustrates that Robot 2 chose a path above Robot 1 to avoid inter-
robot collisions. Besides that, Robot 1 avoided collisions with the module by tilting the
gripper, which was performed by the joint angle 𝑞5. The tilting of the joint can be observed
in Fig. 6.5d. Due to the risk of collisions, both robots could not follow a direct path to
their target poses. This can be observed for the joint angles 𝑞2, 𝑞3, 𝑞4 and 𝑞5, which show
deviations in their trajectories from time step 𝑡 = 10 s. To evaluate the closest proximity
between the robots, the Euclidean distances between each link of one robot to each link of
the other, including the grippers, are evaluated. The minimum distance between the links
is shown in Fig. 6.6a. As depicted in the graph, the minimum distance between the robots
decreases until time 𝑡 = 8 s, as both robots move from their initial poses towards common
workspace. The minimum distance remains constant during the grasping procedure and
decreases further as the robots approach each other to place their objects on opposite sides
of the shared workspace. Subsequently, the relative distance increases as the robots place
their objects on top of the ArUco markers and move to their initial poses. Fig. 6.5e and
Fig. 6.5f depict the placement of the objects and the robots returning to their starting
positions.

The computation times for the experiment are given in Fig. 6.6b. Table 6.3 summarizes
the mean, maximum and standard deviation of the computation times for the experiment.
Mean and maximum computation times are significantly below the sampling time, with
a small standard deviation for both robots. It should be noted that the pick-and-place
procedure is executed by directly sending the setpoints to the underlying robots’ veloc-
ity controllers, resulting in virtually zero computation times for MPC. The time before
grasping the objects, that is, up to time 𝑡 = 7 s, the mean computation times are approxi-
mately 57 ms for both robots, during which the robots’ paths do not intersect. During the
placement phase, the robots have to cross their common workspace to place their objects.
As a result, the computation times increase to 120 ms right after the robots grasped their
objects. The computation times rise as each robot receives the predicted trajectory of
the other robot for the subsequent 3 s with most collision avoidance constraints active

Table 6.3: Mean, maximum and standard deviation of computation times of Robot 1 and
Robot 2.

Computation times Robot 1 Robot 2
Mean 72.15 ms 69.4 ms

Maximum 126.82 ms 127.37 ms
Standard deviation 17 ms 16.6 ms
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Robot 1Robot 2

(a) 𝑡 = 0 s (b) 𝑡 = 7 s (c) 𝑡 = 10 s

(d) 𝑡 = 14 s (e) 𝑡 = 20 s (f) 𝑡 = 29 s

Robot 2 (on the left) Robot 1 (on the right)
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Figure 6.5: Selected time frames and joint angles of Robot 1 and Robot 2. The video of
the experiment is available at the following URL [GWR24].
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during this period to prevent inter-robot collisions. Subsequently, the computation times
decrease until the objects are placed. As Robot 2 places its object near the camera frame,
which must be avoided, the computation times increase again at time 𝑡 = 20 s again. This
increase is not observed for Robot 1. Once the robots placed their objects, they return to
their initial poses.

6.4 Deadlock

The following experimental investigation examines three distinct scenarios that result in
deadlocks in a two-robot setup, each illustrated in Fig. 6.7. These scenarios investigate
reproducible types of deadlocks that inhibit the simultaneous grasping or placement of
objects by the robots. Generally, a deadlock may arise from the strict adherence to safety
boundaries designed to prevent collisions between the robots.

In scenario 1, depicted in Fig. 6.7a, a deadlock is provoked by the small distance between
two objects that cannot be simultaneously grasped by the robots. Such a scenario is often
found in bin-picking applications that reliably leads to a deadlock and is therefore ideal
for evaluating the deadlock resolution algorithm, introduced in Sec. 4.5, using a realistic
example. Fig. 6.7b shows scenario 2 investigating the case when one robot blocks the other
robot from grasping an object. In this scenario, the objects are placed symmetrically in the
common workspace, where the farthest objects are assigned to each robot. As a result, the
grasping is physically impossible. The last scenario in Fig. 6.7c demonstrates a deadlock
in case the objects are to be placed in close proximity, i.e., they are assigned to the same
tray. In such a case, a simultaneous placing of objects is impossible.

Robot 1Robot 2

(a) Scenario 1

Robot 1Robot 2

(b) Scenario 2

Robot 1Robot 2

(c) Scenario 3

Figure 6.7: Experimental demonstration of three types of deadlocks. The videos of the
experiments are available at the following URL [GWR24].

6.4.1 Scenario 1: Objects in close proximity

The first scenario investigates the limitation of simultaneous grasping. The setup consists
of two objects: a blue trailer and a green container placed in the middle of the common
workspace and two ArUco markers, one for each object, see Fig. 6.8a. The distance



114 Chapter 6: Experimental study

between the objects is chosen so that the robots cannot pick the objects at the same time.
The joint angles of the two robots are given in Fig. 6.8.

At the beginning, the robots move to their assigned objects, shown in Fig. 6.8b. However,
due to the small distance between the objects, the collision avoidance algorithm does not
allow a simultaneous grasping of the objects resulting in a deadlock. The deadlock can be
noticed in the standstill of both robots by observing the joint angles 𝑞1, 𝑞4 and 𝑞6, which

Robot 1Robot 2

(a) 𝑡 = 0 s (b) 𝑡 = 8 s (c) 𝑡 = 14 s

(d) 𝑡 = 15 s (e) 𝑡 = 25 s (f) 𝑡 = 28 s

(g) 𝑡 = 35 s (h) 𝑡 = 44 s
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Figure 6.8: Selected time frames and joint angles of Robot 1 and Robot 2 for Scenario 1.
The video of the experiment is available at the following URL [GWR24].
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remain constant during the time period 𝑡 = 8 s and 𝑡 = 12 s. As the distance from Robot
2 to its target is smaller, the coordinator allows to proceed with its motion while Robot
1 is sent to its neutral pose, compare Fig. 6.8b–6.8d. As a result, the deflection in the
joint angles can be observed for Robot 1 from time 𝑡 = 12 s, while Robot 2 continuously
approaches its reference pose followed by grasping its assigned object. Robot 1 has to
wait almost 10 s to proceed with its initially assigned task. Once Robot 2 has grasped its
object, Robot 1 is allowed to move to its target pose, see Fig. 6.8e. To resolve the deadlock,
a sequential execution of both tasks was required resulting in idle times for Robot 1, while
Robot 2 completed its task earlier. This can be observed for all joint angles in Fig. 6.8.

6.4.2 Scenario 2: Objects lying on opposite sides of each robot

The following scenario investigates the case, when an object is blocked by another robot
and grasping is not possible. This type of a deadlock can always occur when the robots
operate in the common workspace. Due to manipulator’s geometry occupying a part of the
workspace, not all objects might be accessible to the other robots. The setup of scenario
2 also consists of the same types of objects and two ArUco markers. The objects are
placed symmetrically in the common workspace and the farthest objects are assigned to
the robots, respectively. Robot 1 is assigned to pick up the blue trailer, while Robot 2 has
to grasp the green tanker. Selected time frames and joint angles of the two robots from
the scenario are shown in Fig. 6.9.

Fig. 6.9b and 6.9c show that a simultaneous grasping of objects is not possible, even if the
objects are at a sufficient distance to be gripped. Due to the fact that the farthest objects
are assigned to the robots, collisions are imminent within the lower segments of the robots.
As a consequence, the collision avoidance approach prohibits approaching the robots too
close, resulting in a deadlock. The deadlock is resolved by sending Robot 1 to its neutral
pose and thus allowing Robot 2 to grasp its assigned object, see Fig. 6.9d–6.9e. The order
of executing the tasks result from comparison of robots’ residuals to their targets. As
Robot 2 is closer to its target, Robot 1 is sent to its neutral pose to subsequently proceed
with its previously assigned task. The deadlock, i.e. standstill of the robots’ motion, can
especially be observed in preserving the same joint angles during the time period 𝑡 = 8 s
and 𝑡 = 12 s. The replanning of the motion towards the neutral pose can be seen for the
most of the joint angles of Robot 1, where significant deflections from time 𝑡 = 12 s can
be observed. Robot 1 can proceed with its previously assigned task after Robot 2 has
grasped its object and received a new task to place the object into the assigned slot. This
can be seen in the time frames from the experiment in Fig. 6.9e–6.9g. Due to the idle
times caused by resolving the deadlock, Robot 1 required 15 s longer to finish its tasks
compared to Robot 2.
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Robot 1Robot 2

(a) 𝑡 = 0 s (b) 𝑡 = 8 s (c) 𝑡 = 12 s

(d) 𝑡 = 15 s (e) 𝑡 = 17 s (f) 𝑡 = 28 s

(g) 𝑡 = 30 s (h) 𝑡 = 38 s (i) 𝑡 = 45 s

Robot 2 (on the left) Robot 1 (on the right)

0 15 30 45
−5

−3

−1

t in s

q 1
in

ra
d

0 15 30 45
−3

−1.5

0

t in s

q 2
in

ra
d

0 15 30 45
1

2

3

t in s

q 3
in

ra
d

0 15 30 45
−3

−2

−1

t in s

q 4
in

ra
d

0 15 30 45
−1.65

−1.6

−1.55

t in s

q 5
in

ra
d

0 15 30 45
−6

0

6

t in s

q 6
in

ra
d

Figure 6.9: Selected time frames and joint angles of Robot 1 and Robot 2 for Scenario 2.
The video of the experiment is available at the following URL [GWR24].

6.4.3 Scenario 3: Assignment of objects to the same tray

The last scenario investigates the case, when a simultaneous placing of objects is not
possible. This situation is provoked by assigning two objects to the same tray. Note, that
in that case the tray comprises two virtual slots having a small distance to each other.
As a result, placing both objects into the tray at the same time is impossible. The yellow
tanker is assigned to Robot 1 and the green tanker to Robot 2. Selected time frames and
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the joint angles for both robots from the experiment are shown in Fig. 6.10.

At time 𝑡 = 8 s, a simultaneous grasping of objects is possible, which can be viewed from
the experiment in Fig. 6.10b–6.10c. However, the active collision avoidance between the
grippers does not allow a simultaneous placing of the objects, which can be evidently seen
in Fig. 6.10d–6.10e. The robots try to place their objects for about 2 s until the deadlock
is detected and reported to the coordinator. To resolve the deadlock, the coordinator
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Figure 6.10: Selected time frames and joint angles of Robot 1 and Robot 2 for Scenario
3. The video of the experiment is available at the following URL [GWR24].
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sends Robot 2 to its neutral pose while Robot 1 can place its object into the assigned slot,
compare Fig. 6.10f. After the deadlock has been detected at time 𝑡 = 16 s, Robot 2 moves
to a new setpoint, that can be observed by the deflection of the joint angles in Fig. 6.10.
After finishing the task by Robot 1, Robot 2 leaves its neutral pose to place its object as
well, while Robot 1 returns to its initial position. This sequence can be seen for selected
time frames in Fig. 6.10g-6.10h. Similar to the previous scenarios, Robot 2 needs more
time to finish its tasks compared to Robot 1.

6.5 Sorting task

Fig. 6.11 illustrates the experimental setup of a sorting task. The joint task of the manip-
ulators is to sort six objects into three trays in minimum time. The trays are marked by
ArUco markers, where at most four objects in the area of each ArUco marker can be placed.
The components of two trucks are arbitrarily distributed in the common workspace, which
are two chassis, two trailers in yellow and blue and two tankers in green and red. Which
class of an object can be sorted into which tray is indicated in Fig. 6.11. All objects are
reachable by both robots. In contrast, only the tray for trailers can be served by both
robots, while the other two are only reachable by one of the robots, i.e., the tray for
chassis by Robot 2 and the tray for tankers by Robot 1. Similar to the simulation-based
study in Chapter 5, a comparison between the heuristic and optimization-based scheduling
approaches are carried out.

Initially, three classes of objects, i.e., chassis, trailer and tanker, are detected and classified
including their properties by the object detection algorithm. A set of object classes yields

Σ = {gCH, gCH, gTA, rTA, bTL, yTL}.

Chassis Trailer Tanker

Robot 1Robot 2
x z

y

Figure 6.11: Experimental setup for sorting components from two trucks into three trays.
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The number of objects of the same class determines the number of slots within a corre-
sponding tray. For instance, if two tankers have to be sorted into a tray, then the task
planer divides the area of the ArUco marker into two slots. Consequently, for the consid-
ered setup each tray contains two slots, to which one of the objects of the same class can
be sorted. The assignment of a sequence of objects

𝒪 = {𝑜gCH
1 , 𝑜gCH

2 , 𝑜gTA
3 , 𝑜rTA

4 , 𝑜bTL
5 , 𝑜yTL

6 }.

into slots represents the degrees of freedom of the scheduling model. A pool of slots yields

𝒮 = {𝑠CH
1 , 𝑠CH

2 , 𝑠TL
1 , 𝑠TL

2 , 𝑠TA
1 , 𝑠TA

2 }.

The scheduling algorithm distributes the tasks in a heuristic or optimization-based manner,
resulting in individual sequences of tasks for each robot. The action planner of each robot
transforms a set of setpoints into a set of target states by applying inverse kinematics of
the corresponding manipulator. The action planner sends a target state in case the robot
successfully reached its previous target state. Moreover, each robot requires an action
related to the given target state. For instance, an object that has to be picked is related
to the action set 𝒜pick and a slot has to be served by applying the action set 𝒜place. More
details are provided in Sec. 4.2. In case deadlocks occur during a task execution between
the robots, the coordinator aims to resolve them.

6.5.1 Heuristic task assignment

In the following, the tasks are distributed between the two robots employing a heuristic
scheduling approach from Sec. 4.3.2. The executed sequences of tasks for each robot are
given in the Gantt chart in Fig. 6.12. The Gantt chart also shows how much time each
robot needed to accomplish a single task as well as all task assignments. The color of a
bar and the designation above a bar yield the class name of an object. The experiment is
illustrated by selected time frames from the experiment given in Fig. 6.13. Additionally,
the joint angles of both robots are depicted as well.

The first assigned tasks are accomplished by both robots successfully, i.e., a simultaneous
grasping of the objects and placing them into slots is possible. The corresponding time
frames can be viewed in Fig. 6.13b–6.13c. In the next step, presented in Fig. 6.13d, Robot
2 has already grasped the gray chassis, while the collision avoidance constraints do not
allow Robot 1 to simultaneously grasp the yellow trailer resulting in a deadlock. This type
of a deadlock was investigated in Sec. 6.4 for scenario 1 caused by objects lying in close
proximity to each other. After grasping, Robot 2 received a new target state, i.e., placing
the chassis into the assigned slot. As a deadlock is detected shortly afterwards, the distance
between Robot 2 and its new target state is now greater than of Robot 1 and the yellow
trailer. Consequently, the coordinator sends Robot 2 to its neutral pose while Robot 1 is
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Time in s
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Figure 6.12: Gantt chart for the sorting task using the heuristic task assignment.

allowed to grasp its object, see Fig. 6.13e. The Gantt chart in Fig. 6.12 illustrates, that
Robot 2 needs considerably longer for finishing its second pick-and-place task. This can
be attributed entirely to the detection and resolution of the deadlock. Further, placing of
the gray chassis and yellow trailer causes another deadlock. This type of a deadlock was
presented in Sec. 6.4 for scenario 3 in case objects are assigned to the same tray or the
assigned slots lie in close proximity to each other. In both cases, a simultaneous placing
of objects into slots is not possible. This results in a sequential placing of objects into the
assigned slots, compare Fig. 6.13f-6.13h. For the robots’ final tasks, the grasping of the
last objects causes another deadlock. The heuristic scheduler assigns chassis to Robot 2
and green tanker to Robot 1, which lie in close proximity to each other. Consequently,
only a sequential grasping of the objects by the robots is possible. Robot 2 is allowed
to proceed with its last task, while Robot 1 waits for Robot 2, which can be observed in
Fig. 6.13i-6.13k. Due to several idle times caused by multiple deadlocks, the robots need
almost 100 s to accomplish the sorting task. Multiple deadlocks can be evidently seen for
the joint angles of both robots by short standstills accompanied by multiple deflections,
i.e., every time a robot is sent to its neutral pose a deflection of a joint angle occurs. This
is the case for the joint angles 𝑞2, 𝑞3, 𝑞4 and 𝑞5. In addition, all joint angles present smooth
trajectories although multiple collisions had to be prevented between the two robots.

6.5.2 Optimization-based task assignment

In the following investigation, the tasks of the same experimental setup in Fig. 6.11 are
optimally distributed between the two robots. The optimal sequence of tasks determined
by the optimization-based scheduling approach from Chapter 4.3.3 can be viewed in the
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Figure 6.13: Selected time frames and joint angles of Robot 1 and Robot 2 during the
sorting task using the heuristic task assignment. The video of the experiment is available
at the following URL [GWR24].
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Gantt chart in Fig. 6.14. The difference in the sequence of objects can be observed for
Robot 1. The green tanker is assigned first and the red tanker as the last object. In
case of heuristic scheduling approach it is vice versa. Some selected time frames from the
experiment and the joint angles are given in Fig. 6.15.

As the first assigned objects lie in close proximity to each other, a simultaneous grasping of
the objects is not possible resulting in a deadlock, which can be observed in Fig. 6.15b. The
deadlock is resolved by sending Robot 1 to its neutral pose, as it has the longest distance
to its target compared to Robot 2. Once Robot 2 has grasped its object, Robot 1 resumes
its previous goal and grasps its object 8 s later, which can be seen in Fig. 6.15c–6.15d.
The deflections of the joint angles 𝑞2, 𝑞3 and 𝑞4 can be observed for Robot 1 only once
at the beginning, when a deadlock occurs. The deadlock can be evidently observed in the
Gantt chart, where Robot 1 shows a long idle time at the beginning. Nevertheless, all
the following tasks can be carried out without delays, which can be seen in the follow-
up time frames in Fig. 6.15e-6.15j. This leads to a considerable speed-up of the overall
process compared to the results obtained by the heuristic scheduling approach. All task
assignments are carried out in 77 s, which is 22% faster compared to the heuristically
computed schedule. In general, the optimization-based scheduling approach tries to assign
the objects that do not lie close to each other allowing a simultaneous grasping of objects.
In addition, the algorithm takes care of not assigning the objects into the same tray
preventing the case of simultaneous placing. However, as can be seen from the experiment,
all objects are closely distributed in the common workspace and a deadlock cannot be
entirely prevented due to the objects’ constellation. Nevertheless, the task assignments
with optimization-based scheduling approach shows considerable improvements upon the
heuristic approach, where in total only one deadlock occurred compared to three deadlocks
in case of heuristic scheduling.
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Figure 6.14: Gantt chart for the sorting task using the optimization-based task assignment.
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Figure 6.15: Selected time frames and joint angles of Robot 1 and Robot 2 during the
sorting task using the optimization-based task assignment. The video of the experiment
is available at the following URL [GWR24].
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6.6 Disassembly task

In the final experiment, presented in Fig. 6.16, a disassembly of three trucks carried out
by two manipulators is considered. Each truck consists of three parts: a chassis, a cab
and a load. A truck can be loaded with either a tanker or a trailer. The common goal of
both robots is to disassemble three trucks into individual components and place them into
the assigned trays in minimum time. Each ArUco marker serves as a tray, where in total
four ArUco markers are placed on top of the two modules. One ArUco marker is placed
inside a box, where all cabs are to be sorted in. The trays for the chassis and the cabs are
accessible by both robots, while the tray for the tankers are only reachable by Robot 2
and the tray for the trailers by Robot 1. Similar to the previous experiment, a comparison
between the heuristic and optimization-based scheduling approaches is carried out. The
main difference to the previous investigations is that additional constraints enforcing the
order of disassembly are incorporated in both scheduling approaches. This is an important
requirement to be able to reach for a chassis, which is only possible if a cab and a load are
disassembled first. More precisely, any order in which a chassis is the last component of a
truck assigned to one of the robots is feasible. More details about the order constrains for
the proposed scheduling models are given in Chapter 4.3.5.

For the experimental setup, illustrated in Fig. 6.16, the object detection algorithm classifies
nine objects in the common workspace, which are

Σ = ΣTruck ∪ ΣCab ∪ ΣTanker ∪ ΣTrailer (6.1a)

= {bTR, yTR, gTR} ∪ {bCB, bCB, bCB} ∪ {bTA, gTA} ∪ {yTL}. (6.1b)

Evidently, the chassis are not identified. Instead, three trucks, bTR, yTR, gTR, with a
color of the corresponding load appear in the set of classified objects, i.e., a truck with a

Tanker Chassis Trailer

Cab

Robot 1Robot 2
x

z

y

Figure 6.16: Experimental setup for disassembling three trucks into four trays.
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yellow trailer is declared as an object class ‘Yellow Truck’ and is designated yTR. Due to
the fact that a cab and a load conceal the chassis, it cannot be identified by the cameras
as an additional truck’s component. This is necessary, as all truck’s components have to
be sorted into the corresponding trays. To overcome this problem, the object detection
algorithm has been trained to identify a truck as its own object class containing all three
components: a cab, a load and a chassis. The position and orientation of each truck are
used later for its corresponding chassis.

In the next step, the set of classified objects Σ are enumerated yielding a sequence of
objects for the scheduling layer

𝒪 = {𝑜bTR
1 , 𝑜yTR

2 , 𝑜gTR
3 , 𝑜bCB

4 , 𝑜bCB
5 , 𝑜bCB

6 , 𝑜bTA
7 , 𝑜gTA

8 , 𝑜yTL
9 }.

However, the object detection algorithm cannot classify which components belong to which
truck. Thus, prior to sending the sequence of objects to the scheduling algorithm, the task
planner clusters the individual components of the trucks by their relative distance. Each
of these clusters forms one of the three trucks, consisting of a chassis, a cab and a load,
which are to be dissembled by the two robots. Each cluster receives a unique ID yielding

𝒪 = 𝒪Truck
1 ∪ 𝒪Truck

2 ∪ 𝒪Truck
3 (6.2a)

= {𝑜bTA
7 , 𝑜bCB

4 , 𝑜gCH
1 } ∪ {𝑜yTL

9 , 𝑜bCB
5 , 𝑜gCH

2 } ∪ {𝑜gTA
8 , 𝑜bCB

6 , 𝑜gCH
3 }. (6.2b)

Consequently, the following pool of slots are determined by the task planner

𝒮 = {𝑠CH
1 , 𝑠CH

2 , 𝑠CH
3 , 𝑠CB

1 , 𝑠CB
2 , 𝑠CB

3 , 𝑠TA
1 , 𝑠TA

2 , 𝑠TL
1 },

which are sent to the Scheduling layer. All disassembly tasks are performed as pick-and-
place tasks. Consequently, the action planner assigns the action set 𝒜pick to grasp an
object and the action set 𝒜place to place an object into its assigned slot.

6.6.1 Heuristic task assignment

The first experiment is carried out by assigning the tasks to the robots with the heuristic
scheduling approach from Sec. 4.3.2. The Gantt chart in Fig. 6.17 shows the executed
sequence of tasks for each robot. To make the disassembly process more comprehensible,
the color of each bar represents the components that belong to one of the three trucks. The
length of the bar shows the time needed to accomplish a disassembly of one component,
which consists of grasping an object and placing it to its assigned slot. The disassem-
bly process is visualized by selected time frames from the experimental setup, given in
Fig. 6.18. The joint angles of both robots are provided as well.

As can be seen from the Gantt chart, the heuristic scheduling algorithm assigns five parts
to Robot 1 and four parts to Robot 2. More importantly, the Gantt chart shows that the
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Figure 6.17: Gantt chart for the disassembly of three trucks using the heuristic task
assignment.

chassis are assigned to both robots as the last parts of the three trucks to be disassembled,
whereas the order of loads and cabs are arbitrary. Thus, the requirement of specific order
successfully holds. The first task assignment, i.e., picking the yellow trailer by Robot 1
and the blue tanker by Robot 2, allows for a simultaneous grasping and placing of the
objects, shown in Fig. 6.18b–6.18c. In the next disassembly step, the robots successfully
remove two cabs, as can be seen in Fig. 6.18d. However, the placing of the cabs into the
box leads to a deadlock between the robots. This type of a deadlock has been investigated
in scenario 3 from Sec. 6.4, where simultaneous placing into the same tray is not possible.
Fig. 6.18e shows the robots trying to simultaneously place their objects. The coordinator
resolves the deadlock by sending Robot 1 to its neutral pose that allows Robot 2 to place
the cab into the box, see Fig. 6.18f. A deflection in the joint angle 𝑞2 at time 𝑡 = 40 s can be
seen, when Robot 1 moves to its neutral pose. The Gantt chart also shows a considerable
amount of time for Robot 1 to accomplish its task assignment, which takes 28.8 s, while
Robot 2 requires only 15.6 s. Consequently, Robot 1 continues with a considerable time
delay to proceed with its tasks. All successive tasks are carried out by both robots without
any deadlocks. While Robot 2 accomplishes its tasks after 77 s of operation, Robot 1 needs
104.2 s, i.e., 27 s more, to accomplish all of its tasks. The times for the robots to reach
their initial positions are not considered here.
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Figure 6.18: Selected time frames and joint angles of Robot 1 and Robot 2 during the
disassembly task using the heuristic task assignment. The video of the experiment is
available at the following URL [GWR24].
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6.6.2 Optimization-based task assignment

In the following investigation, the tasks between the robots are assigned by utilizing the
optimization-based scheduling method, introduced in Chapter 4.3.3. The Gantt chart in
Fig. 6.19 shows the task assignments for both robots and the time needed to execute
them. Fig. 6.20 presents selected time frames showing the robots’ current states from the
experiment and the corresponding joint angles of both robots.

From the Gantt chart it can be observed that the overall operation was carried out without
any deadlocks, as each disassembly task was carried out in similar amount of time. Further,
no idle times can be observed in execution of the tasks. Thus, simultaneous grasping and
placing was possible for all disassembly tasks. Constraints enforcing a specific order, where
chassis should be the last component of a truck to be disassembled by one of the robots have
also been successfully fulfilled. Robots avoiding successfully collisions between each other
can be observed at time 𝑡 = 50 s, in Fig. 6.20g, where Robot 2 has to choose a path above
Robot 1 to reach the box with the cabs, see Fig. 6.20h. No time delays can be observed in
the Gantt chart during this time, although Robot 2 had to choose a longer path to reach
its target state. Moreover, a smooth operation of both robots can be observed in the
progression of the joint angles. Similar to the results obtained by the heuristic scheduling,
Robot 1 receives five parts for disassembly and Robot 2 four disassembly components.
Consequently, Robot 1 needs more time to finish its tasks. In total, the optimal task
assignment leads to 16% shorter makespan compared to heuristically computed plan.

Time in s
0 50 100

Cab Trailer Chassis Chassis Chassis

Tanker Tanker Cab Cab

Robot 1

Robot 2

Figure 6.19: Gantt chart for the disassembly of three trucks using the optimization-based
task assignment.
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Figure 6.20: Selected time frames and joint angles of Robot 1 and Robot 2 during the dis-
assembly task using the optimization-based task assignment. The video of the experiment
is available at the following URL [GWR24].
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6.7 Discussion

The experimental study demonstrates that deadlocks and collisions between multiple
robots sharing a common workspace are imminent. A simple experiment in Sec. 6.3 served
as an example demonstrating that a safe and reliable collision avoidance strategy is re-
quired to avoid inter-robot collisions as well as collisions with a robot’s environment. The
experimental study investigating several types of deadlocks in Sec. 6.4 showed that simul-
taneous grasping and placing of objects can reproducible cause a deadlock. By optimally
assigning tasks between the robots, where the scheduling model does not allow assigning
objects in close proximity to each other and placing objects into the same tray, can con-
siderably reduce the occurrence of deadlocks. This was shown in the experiments carried
out for sorting the components of two trucks in Sec. 6.5 and disassembly task of three
tasks in Sec. 6.6. In both experiments, almost no deadlocks occurred by assigning tasks
to the robots in an optimal manner. However, in case of heuristically computed sched-
ule, the robots were not able to simultaneously place or grasp their objects resulting in
a long makespan. The assumption made for the optimization-based scheduling model,
that all manipulators traverse with the same mean velocity, implies synchronicity between
the robots. In other words, time needed to accomplish a task is assumed to be identical.
However, in cases where multiple collisions between the robots during a task execution
should be avoided or more time is required to place an object, might result in time delays.
Consequently, although the scheduling model takes care of certain cases of deadlocks, there
is still no guarantee that the operation will be deadlock-free. Finally, it cannot be guar-
anteed that the constraints preventing from assigning objects in close proximity to each
other and placing objects into the same tray always hold. This case was demonstrated in
the sorting task experiment in Sec. 6.5, where the optimization-based scheduling approach
assigned two objects lying close too each other to the robots. This was attributed to the
dense positioning of the objects in the common workspace.

The third type of a deadlock, presented in scenario 2 in Sec. 6.4, demonstrates a non-
reproducible type of a deadlock that cannot be considered a priori in the optimization-
based scheduling model. This type of a deadlock occurs due to the intersection of robots’
paths. In that case, the coordinator is required to resolve the occurred deadlock. The
merit of the proposed TAMP approach is that the coordinator can reliably resolve any
kind of deadlocks resulting however in a sequential execution of tasks causing idle times. In
other words, one robot finishes its assigned tasks earlier than the other one. The approach
however does not require a priori knowledge of robots motions coordinating them, thus
allowing for a flexible operation of each manipulator without the intervention from the
engineering side. By comparing the makespans of the two experiments carried out with
different scheduling approaches yield, that robots could finish 22% faster the sorting task
and 16% shorter the disassembly task in case of optimally assigned tasks to the robots.
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7 Conclusion and Outlook

Achieving flexible and autonomous operation of a team of manipulators demands effec-
tive task coordination and online planning of collision-free trajectories, considering that
each robot acts as a dynamic obstacle to the others. Existing task and motion plan-
ning (TAMP) methods typically depend on preplanned trajectories, which are sufficient
for single-manipulator systems performing repetitive tasks in static, well-defined envi-
ronments. However, real-world applications are often cluttered and subject to constant
changes, requiring manipulators to execute complex tasks in dynamic and unpredictable
settings. In the last decade, model predictive control (MPC) has gained widespread pop-
ularity in robotics research due to its predictive nature, formulation as an optimal control
problem, and online execution. However, no benchmark analysis currently demonstrates
the advantages of MPC over existing planners for manipulator systems.

In this thesis, an experimental benchmark analysis was conducted for a single manipu-
lator system. An UR3 manipulator, a single-lens camera, two trays, two obstacles, and
several objects were utilized for the experimental setup. The first experiment involved
permanent changes within a production process, such as adding new products, placing
products or obstacles at new positions, and observing how well the planners adapted. The
second experiment investigated a narrow passage problem to evaluate how well the colli-
sion avoidance approach incorporated in each trajectory planner performed near obstacles.
The results of both experiments showed that the state-of-the-art planners tended to select
far-reaching motions in the presence of obstacles or execute evasive maneuvers, leading to
long path lengths and execution times. MPC exceeded the performance of state-of-the-art
planners across all evaluated metrics. The trajectories planned by MPC were notably
smooth, effectively navigating through narrow passages, maintaining safe distances from
obstacles, opting for shorter paths, and requiring less execution time. Additionally, the be-
havior of MPC towards sudden environmental changes has been investigated. MPC could
replan the robot’s trajectory at each time instant to follow the moving target and plan
a collision-free and smooth trajectory around an obstacle suddenly placed in the robot’s
workspace. The results motivated the development of a suitable formulation of MPC for
multi-manipulator systems.

This thesis proposed an optimal and reactive TAMP scheme for multi-manipulator sys-
tems sharing a common workspace and performing a series of pick-and-place tasks. Novel
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algorithms developed and proposed in this thesis include

1. an optimal task allocation algorithm,

2. an online trajectory planning algorithm and

3. a reactive deadlock detection and resolution procedure.

An optimal task allocation algorithm for MRS assigns tasks to a group of robots, account-
ing for constraints such as reachability, maximum acceleration, velocity, and avoiding
concurrent actions in close proximity to reduce the occurrence of deadlocks. The DMPC-
ELS method, a distributed model predictive control approach, plans trajectories online
from any initial to target state, with iterative replanning at each time step to address
environmental changes. Predicted trajectories are shared among robots to anticipate and
avoid collisions using a novel collision avoidance method, termed ELS, which checks for
intersections of geometric primitives (ellipsoids and spherocylinders) rather than comput-
ing distances. Additionally, a reactive deadlock detection and resolution procedure allows
the closest robot to the target to proceed while others wait, effectively resolving deadlocks
online without preprocessing.

The proposed optimal and reactive TAMP scheme is thoroughly investigated through
both simulations and experiments. The tasks considered in this work include sorting
workpieces into designated compartments and disassembly. First, it is investigated if
the trajectory planning problem should be solved in a centralized manner (CMPC), i.e.,
considering the overall system comprising all manipulators, or in a distributed manner
(DMPC), i.e., treating each manipulator as a subsystem. To this end, a simple scenario
involving imminent collisions between two manipulators was considered. A comparison of
DMPC and CMPC computation times for various prediction horizon lengths revealed that
real-time centralized trajectory planning for multi-robot systems is infeasible due to com-
putational constraints. The distributed approach achieves near-centralized performance
with a prediction horizon length 𝑁p = 20 while requiring significantly less computation
time, allowing for parallelization.

The simulation-based study focused on two benchmark analyses: one for scheduling mod-
els and another for various trajectory planning methods, using 20 sampled pick-and-place
scenarios. The study involved a two-manipulator system that shared a common workspace
and sorted six objects into two distinct compartments, with objects randomly placed in
each scenario. In the first benchmark analysis, task allocation was addressed using both
the optimization-based and the heuristic scheduling approach. The results indicated that
optimal task allocation significantly reduced the occurrence of deadlocks compared to
the heuristically computed plans. Longer prediction horizons in DMPC-ELS improved
the mean execution times of heuristically computed schedules, but increased computa-
tion times due to the added constraints. However, the prediction horizon length had no
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notable effect on the execution time for optimal task assignment. Thus, using a suit-
ably short prediction horizon with optimal task assignment can help manage computation
times and decrease deadlock occurrences. A further benchmark analysis involving several
selected state-of-the-art planners was carried out to assess the quality of the trajectories
obtained by the DMPC-ELS approach. Similar to the single-robot case, state-of-the-art
planners exhibited far-reaching motions and lower success rates in finding collision-free
paths for multiple robots. Notably, CHOMP achieved collision-free trajectories in only
43 % of the cases. In contrast, DMPC-ELS achieved success rates of up to 97 % and
generated the smoothest trajectories. The lower performance of state-of-the-art planners
suggests that they are not well-suited for simultaneous trajectory planning used for mul-
tiple manipulators in static environments. Additional analysis has been carried out to
answer how well the proposed DMPC-ELS approach scales with an increasing number of
robots. Different robot setups with two, three and four robots and a different number of
objects were investigated performing pick-and-place tasks. The scalability analysis showed
that DMPC-ELS could plan collision-free trajectories for up to four robots with the mean
computation times not exceeding the sampling time. The main bottleneck of the proposed
DMPC-ELS approach lies in computation times that rise with the system’s complexity.

For the multi-robot experimental study, two UR5e manipulators and two depth cameras
capturing different views of the robots’ workspaces have been utilized. An object detection
algorithm has been trained to detect and identify different classes of trucks consisting of
three parts: a cab, a chassis, and two types of load. Three commonly occurring classes
of deadlocks were investigated, where simultaneous grasping and placing of objects were
impossible and resulted in a deadlock. Here, the focus lay not on optimally assigning the
tasks to the robots but on how each deadlock was resolved by applying the proposed reac-
tive deadlock approach. The first experiment of the robot-robot cooperation investigated
a sorting task, where two robots had to place components of a truck lying in the shared
workspace into corresponding trays. By applying the heuristically computed schedule,
three deadlocks occurred between the two robots invoked by trying to grasp and place the
assigned objects simultaneously. This was attributed to the fact that objects were lying
too close to each other, and a pair of objects had been assigned to the same tray, making
simultaneous grasping and placing of objects impossible. The occurrence of deadlocks
considerably dropped, namely to one deadlock, by optimally assigning the tasks. One
deadlock occurred when grasping objects placed close to each other, highlighting that the
optimization-based scheduling approach does not always ensure a deadlock-free schedule.
Still, the execution times of the optimal schedule were reduced by 22% compared to the
heuristically computed plan. Consequently, a reactive deadlock detection and resolution
approach is imminent to handle deadlocks between the robots reliably. The second exper-
iment involved the cooperative disassembly of three trucks, where each truck’s component
had to be removed and placed into its assigned tray. The disassembly was successfully
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accomplished, where nine parts of three trucks were disassembled and sorted into the as-
signed trays. Similar to the results obtained from the sorting task, optimal task assignment
led to shorter execution times, namely by 16% shorter, with no occurrence of deadlocks,
which was not the case for the heuristically computed schedule.

This chapter is rounded off by giving a few directions toward future research in multi-robot
cooperation. First of all, homogeneous robotic arm systems were exclusively considered.
Thus, the proposed approach could extend to heterogeneous multi-robot systems, such
as stationary manipulators cooperating with aerial robotic or mobile manipulators. This
could further increase the overall reachability of the system, and more complex tasks could
be carried out and automated. The proposed collision avoidance approach has to be ex-
tended and automatized to allow cooperation between different types of manipulators and
also human-robot interaction (HRI). Depending on the kinematics of a robotic system or
a human body representing a number of dynamic obstacles, a suitable choice of geometric
primitives should be chosen. Moreover, uncertainties in the motion of robots and humans
should also be considered.

The selection of an appropriate number of ellipsoids and line-swept spheres to encapsulate
the entire body of each robot depends on the robot’s kinematics and geometry. This
preprocessing stage has been realized for homogeneous robots and is particularly important
when dealing with heterogeneous robots, as it involves choosing a sufficient number of
geometric primitives to ensure safe robot-robot interactions. Additionally, preprocessing
should eliminate collision avoidance constraints from the optimization problem that could
never become active. This applies in cases where the links of the robots cannot come into
contact with each other, meaning collisions between those links are impossible under any
circumstances.

Further, hand-over tasks between homogeneous and heterogeneous multi-robot systems
should be considered. This can be done using a fixed hand-over station accessible to both
robots. That means one robot places the object at a fixed place, from which the other robot
can pick up the object at some point later. This would be rather a simplified hand-over
task. Considering a hand-over of an object between the robots, i.e., by simultaneously
allowing physical contact of both robots on an object, is highly complex. On the one
hand, grasping an object plays a crucial role, and the coordination between the robots,
as well as how and where the hand-over of an object should take place, has to be taken
into account. On the other hand, if the robotic team consists of multiple robots, where
hand-over tasks can be carried out spontaneously, special care should be taken regarding
collision avoidance.

Further investigations are necessary for tracking problems in MRS, particularly when the
target can change its position at any time. Additionally, the occurrence of deadlocks
and the performance of the proposed reactive deadlock resolution procedure should be
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examined across different types of applications.

Moreover, the issue of sensor malfunction should be addressed. For example, sensors may
provide inaccurate information due to process delays, noise, or other factors, which could
compromise system safety. To ensure safety under such conditions, the proposed collision
avoidance approach should be extended to account for sensing uncertainties [RSS16].

¸
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Appendix

A Model identification of an UR3

To investigate the dynamics of the velocity tracking controllers of the UR3 manipulator,
test signal with step functions over a duration of 12 s are applied to each joint indepen-
dently with only a single joint active at a time. The step response of each joint is recorded
with a rate of 125 Hz. Fig..1a shows the angular velocity step response ̇𝑞1 of the first joint
and the applied step functions 𝜎. As can be seen from the enlarged view of ̇𝑞1 in Fig..1b,
the system reacts with a time delay of around 60 ms with only a minor overshoot. The
reference is closely tracked after a short transition time.
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Figure.1: Excitation and angular velocity step response for joint 1 of the UR3.

Krämer et al. demonstrated that is suffices to approximate the joint dynamics of an UR10
robotic manipulator by a zero-order dynamical system including dead time [Krä+20]. This
approach comes with the great advantage that only a single dead time per joint need to be
considered in the (D)MPC and no additional degrees of freedom are introduced, as would
be the case for an assumed first- or second-order dynamics. Thus, the transfer function of
each joint 𝑖 is modeled by

𝐺𝑖(𝑠) = 𝑒−𝑠⋅𝑇D,𝑖 ⋅ 𝐾𝑖 , (.1)

where 𝑇D,𝑖 denotes the dead time and 𝐾𝑖 describes the gain of the transfer function 𝐺𝑖(𝑠).
To identify the dead time 𝑇D,𝑖 and the gain 𝐾𝑖, the MATLAB System Identification
Toolbox [Lju22] is used. Table.1 summarizes the identified parameters. The longest dead
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Table.1: Identified parameters of the UR3 velocity tracking controllers.

Joint Number Joint Name 𝐾𝑖 𝑇D,𝑖

1 Base 0.9928 64 ms
2 Shoulder 0.9808 72 ms
3 Elbow 0.9827 72 ms
4 Wrist 1 0.9842 40 ms
5 Wrist 2 0.9833 32 ms
6 Wrist 3 0.9844 40 ms

time with 72 ms is determined for joints 2 and 3, whereas for joint 5 the shortest dead
time of 32 ms is identified. As the dead times of each robot’s joint controllers are non-
negligible, they should be considered in the trajectory planning. In addition, non-negligible
computation times of the trajectory planner (D)MPC-ELS should be considered as well due
to the fact that the next control input is not always available in the next time instant, see
Sec. 3.2.4. To overcome the problem of delayed system response and delayed availability
of control inputs, an available sequence of control input sequence for a time instant is sent
until the new optimal sequence is available.
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B Model identification of an UR5e

Next, the system dynamics of the velocity tracking controllers of the UR5e manipulator
are identified. As before, a test signal with step functions over a duration of 12 s are
applied to each joint independently. The step response of each joint is recorded with a
rate of 500 Hz. Fig..2a shows the angular velocity step response of the first joint ̇𝑞1 and the
applied test signal 𝜎. An enlarged view of the results is presented in Fig..2b. The UR5e
exhibits a lower time delay but a significant overshoot of the angular velocity step response
in contrast to the UR3 manipulator. As for the previous section, the step response of each
joint is approximated by a zero-order system (.1). For that, the dead time 𝑇D,𝑖 and the
gain 𝐾𝑖 for each joint are identified using the MATLAB System Identification Toolbox
[Lju22]. The results are summarized in Table.2. Similar to the results of the UR3, a slight
fluctuation of the gains around 1 can be observed. In contrast, the dead times lie between
22 ms and 34 ms and are thus considerably smaller, which are almost 50 % less. This
might be attributed to improved angular velocity controllers used for the robots of the
e-series.
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Figure.2: Excitation and angular velocity step response for joint 1 of the UR5e.

Table.2: Identified parameters of the UR5e velocity tracking controllers.

Joint Number Joint Name 𝐾𝑖 𝑇D,𝑖

1 Base 1.001 24.1 ms
2 Shoulder 1.001 34.1 ms
3 Elbow 1.003 30.1 ms
4 Wrist 1 1.004 26.1 ms
5 Wrist 2 1.003 22.0 ms
6 Wrist 3 1.003 28.1 ms
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