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Abstract
Future industrial automation requires robotic systems that can operate in workspaces
where objects, equipment, and humans may be present. This thesis presents the de-
velopment and evaluation of a simulation-based system for motion planning in a
kitting task. The system was built around a gantry-mounted UR10e robot arm with
a Robotiq gripper in a simulated factory environment containing a flow rack, crates,
static and dynamic obstacles.

The work integrated ROS 2, Isaac Sim, MoveIt 2, and several motion-planning
frameworks in a containerised software architecture. Sampling-based planning with
OMPL, GPU-accelerated planning with cuMotion and cuRobo, and a hybrid plan-
ner based on cuRobo MotionGen and MPC were implemented and evaluated. The
planners were tested in simple motion cases, complete pick-and-place workflows, and
a dynamic obstacle benchmark where the robot had to react to a newly introduced
obstacle during execution.

The results showed that cuRobo provided the strongest overall balance between
planning speed, success rate, and motion efficiency in the static benchmark cases.
cuMotion also achieved high success rates, but generally required longer planning
times. The OMPL planners were computationally cheap and could be fast in suc-
cessful cases, but showed lower robustness in several scenarios. The hybrid planner
was able to react to dynamic changes in the environment, but its success depended
on how close the obstacle appeared to the robot. When enough clearance was avail-
able, the hybrid planner recovered reliably, while recovery became less likely when
the obstacle was inserted very close to the robot.

The thesis shows that simulation is a useful tool for evaluating motion-planning
methods for constrained industrial tasks before real-world deployment. It also shows
that GPU-accelerated and hybrid planning methods are promising for robotic oper-
ation in dynamic environments, but that further work is needed before the system
can fully represent realistic human-robot collaboration.

Keywords: robotics, motion planning, kitting, ROS 2, Isaac Sim, MoveIt 2, cuRobo,
cuMotion, OMPL, human-robot collaboration.
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Definitions

Below is the list of terms that have been used throughout this thesis.

Motion The physical movement of the robot from one state to another
during execution, including changes in joint configuration and end-
effector pose over time.

Trajectory A time-parameterised sequence of robot configurations that speci-
fies both the configurations the robot should pass through and when
they should be reached.

Configuration A complete specification of the robot’s joint values, usually repre-
sented as a vector q, where each element corresponds to one joint
variable.

Pose The position and orientation of a body or end-effector in the
workspace, often represented by a homogeneous transformation ma-
trix.

Path A continuous geometric curve through configuration space from a
start configuration to a goal configuration, without specifying tim-
ing.

Plan The output of a planning method, typically a collision-free path or
trajectory that can be used to move the robot toward a goal.

Seed An initial candidate path or trajectory used as a starting point for
trajectory optimisation before refinement.
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Nomenclature

Below is the nomenclature of indices, sets, parameters, and variables that have been
used throughout this thesis.

Indices

i Joint and candidate-trajectory index
j Candidate-trajectory summation index
k Prediction-step index
t Trajectory time-step index

Sets

C Robot configuration space
Cfree Collision-free subset of the configuration space
Cobs Obstacle subset of the configuration space
X Set of allowed system states in MPC
U Set of allowed control inputs in MPC

Parameters

n Number of robot degrees of freedom
N Prediction horizon
T Trajectory horizon length
K Number of sampled candidate trajectories
α Optimisation step length
β Temperature parameter for trajectory weighting
σ Sampling covariance used to generate candidate trajectories
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qmin
i Lower joint limit of joint i

qmax
i Upper joint limit of joint i

Variables

q Robot joint configuration vector
qi Joint value of joint i

qstart Start configuration of the robot
qgoal Goal configuration of the robot
qretract Retract reference configuration
θt Robot configuration at trajectory time step t

θ[0,T ] Complete discrete joint-space trajectory
τ Continuous path in configuration space
s Path-progress parameter along a path
T (q) Forward-kinematics transformation for configuration q

xk System state at prediction step k

uk Control input at prediction step k
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1
Introduction

1.1 Background

Industrial production is increasingly moving toward flexible automation, where robots
are expected to operate in environments that are less structured and more change-
able than traditional robot cells. In such environments, robots may need to work
near storage systems, workstations, tools, objects, and human operators. This places
higher demands on the robot’s motion-planning system, since planned motions must
be feasible not only for the robot itself, but also with respect to the surrounding
environment.

One task where these challenges become relevant is kitting. Kitting refers to the
process of collecting and organising components required for later assembly opera-
tions. The task typically involves retrieving parts from storage locations and placing
them into structured containers or kit trays. Although the task may appear simple,
it requires the robot to move through a constrained workspace, reach into storage
regions, avoid surrounding objects, and execute repeated pick-and-place motions re-
liably. If the environment changes during execution, for example, because a human
operator or another object enters the robot’s workspace, the planning system must
also be able to handle these changes safely.

Simulation-based environments provide a useful way to investigate these problems
before testing on physical hardware. In simulation, robot models, workspaces, ob-
stacles, and task scenarios can be created and modified in a controlled way. This
makes it possible to evaluate different planning approaches under repeatable condi-
tions and to study how the system behaves when the environment changes during
execution. Another important advantage is that simulation allows potentially unsafe
situations to be tested without risking damage to human operators, the robot, or
objects in the workspace. This is particularly relevant for shared-workspace scenar-
ios, where collision avoidance and proximity to moving obstacles must be studied
carefully before physical deployment. At the same time, modern simulation tools
are becoming increasingly realistic through improved physics engines, more detailed
robot models, realistic rendering, and closer integration with robotic middleware.
As a result, the sim-to-real gap is gradually reduced, making simulation a useful
intermediate step between algorithm development and real-world implementation.

A challenge in this type of system is motion planning in the presence of obstacles.

1



1. Introduction

The planner must generate motions that satisfy the robot’s kinematic limits while
avoiding collisions with the surrounding environment. In static environments, the
planner can generate a complete path before execution. In dynamic environments,
however, a previously valid path may become invalid if an obstacle moves into the
robot’s workspace. This creates a need for planning approaches that can either gen-
erate new trajectories quickly or adapt the motion during execution.

Several motion-planning approaches can be used for this purpose. Sampling-based
planners, such as those available through OMPL in MoveIt 2, are widely used for
finding collision-free paths in high-dimensional configuration spaces. More recent
GPU-accelerated planners, such as cuRobo, use parallel computation and trajectory
optimisation to generate motions more quickly. Hybrid planning approaches com-
bine a global planner, which generates an initial path, with a local planner, which
can adapt the motion during execution. Comparing these approaches in the same
simulated workspace can give insight into their relative strengths and limitations for
kitting-like robot tasks in changing environments.

1.2 Purpose
The purpose of this thesis is to develop a realistic simulation-based evaluation en-
vironment for a robotic arm performing kitting-related motions in an industrial
setting. The environment should be close enough to real hardware and production-
like workspaces to be useful as a step between algorithm development, simulation
testing, and later testing on physical robot systems.

The work focuses on integrating ROS 2, Isaac Sim, MoveIt 2, and GPU-accelerated
planning frameworks in a containerised system architecture. A simulated industrial
workspace is built with a gantry-mounted robotic arm, a flow-rack-based kitting
setup, collision-aware environment models, and dynamic obstacles that represent
moving objects or humans. Using simulation makes it possible to evaluate motion-
planning methods in a safe, reproducible, and cost-efficient way. It also gives ac-
cess to ground-truth information and controlled test conditions that are difficult to
achieve in physical experiments.

The environment is used to study whether sampling-based, GPU-accelerated, and
hybrid motion-planning methods are suitable for generating robot motions in con-
strained workspaces where the surroundings may change during execution. The
evaluation looks at whether the planners can generate feasible and collision-aware
motions, how quickly they respond to planning requests, how reliably they complete
different kitting-related tasks, and how they behave when an obstacle blocks or in-
validates the current path during execution.

Another reason for developing the simulation environment is that it can support
future work on learning-based robotics methods. Since the environment contains
controllable scenarios, repeatable experiments, dynamic obstacles, and simulation
ground truth, it could later be used to generate training data, evaluate learned poli-
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1. Introduction

cies, and study sim-to-real transfer before testing on physical hardware.

The overall objective is to assess how suitable the evaluated planning methods are
for robotic operation in dynamic industrial environments, where human presence or
other moving obstacles must be considered. At the same time, the thesis gives a
reusable simulation and evaluation platform that can support future development of
both classical and learning-based methods for industrial robot motion generation.

1.3 Goals
The main goal of this thesis is to create a simulation-based system for evaluating
motion-planning approaches for a robotic arm in a constrained kitting environment.
The system should combine robot simulation, ROS 2-based control, motion plan-
ning, dynamic obstacle handling, and automated benchmarking in one integrated
system.

More specifically, the goals are to:
• Construct a simulated kitting workspace containing a gantry-mounted UR10e

robot arm, a Robotiq gripper, storage crates, a flow rack, and relevant collision
geometry.

• Integrate the simulated robot with a ROS 2 control architecture so that joint
commands, joint states, TF transforms, and planning information can be ex-
changed between Isaac Sim, MoveIt 2, and the planning components.

• Implement and configure several motion-planning approaches, including sampling-
based planning with OMPL, GPU-accelerated planning with cuMotion and
cuRobo, and hybrid planning using a global planner together with a local
planner.

• Include static and dynamic obstacles in the planning environment, including
simplified moving obstacles and a humanoid actor.

• Develop automated benchmark scenarios for evaluating planner performance
across selected kitting-related motions, complete manipulation sequences, and
dynamic changes in the planning environment.

• Collect performance data, including planning time, success rate, execution
behaviour, trajectory movement, computational resource usage, and the ability
of the system to react when new obstacles are introduced during execution.

• Compare the different planning approaches and discuss their suitability for
robot operation in constrained environments where human presence or other
dynamic obstacles must be considered.

1.4 Scope and Limitations
This thesis is limited to simulation-based development and evaluation. All exper-
iments are performed in Isaac Sim, and no validation is carried out on a physical
robot. The results, therefore, describe the behaviour of the implemented planning
system in the simulated environment and should not be interpreted as a complete
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verification of real-world robot performance.

The work focuses on motion planning, system integration, and benchmark-based
evaluation. It does not attempt to solve the full task-level human-robot collabora-
tion. Higher-level coordination strategies, such as assigning tasks between a human
and a robot, negotiating shared workspace access, or dynamically reordering work
between agents, are outside the scope of the thesis. Human presence is instead con-
sidered mainly as a dynamic obstacle that the robot planning system must take into
account.

The humanoid actor used in the simulation is based on pre-recorded motion-capture
animation and simplified collision geometry. The thesis does not include real-time
human perception from cameras or other sensors, nor does it estimate human in-
tention or predict future human motion. The humanoid model is therefore used
to demonstrate how the planning system responds to a simulated human entering
the workspace, rather than to represent a complete human-aware perception system.

The collision models used for planning and simulation are simplified. The robot,
workspace objects, crates, flow rack, and humanoid actor are represented using
approximated collision geometry such as boxes, spheres, and cylinders. This sim-
plification was necessary to keep collision checking and simulation efficient, but it
means that the collision representation does not perfectly match the visual geometry
of all objects.

The planner comparison is limited to the selected planners and configurations im-
plemented in the project. These include OMPL-based sampling planners, cuMo-
tion, direct cuRobo planning, and the implemented hybrid planning setup. Other
planning algorithms, parameter settings, and optimisation strategies are not inves-
tigated. The results should therefore be seen as a comparison of the implemented
configurations rather than a general ranking of all available motion-planning meth-
ods.

The benchmark scenarios are designed to represent selected kitting-related motions
and obstacle-interaction cases, but they do not cover all possible industrial kitting
tasks. The evaluation focuses on specific aspects of planner performance, such as
feasibility, responsiveness, execution behaviour, and robustness to environmental
changes. The thesis does not evaluate complete production throughput, long-term
reliability, hardware wear, operator ergonomics, or formal safety certification.

1.5 Contributions
This thesis contributes a simulation-based approach for evaluating reactive motion
planning in robotic kitting tasks where the workspace can change during execution.
The main contribution is the demonstration that a hybrid planner, combining global
planning with local replanning, can allow a robot to recover when a previously
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valid path becomes blocked by a dynamic obstacle. This provides practical insight
into how reactive planning can support future industrial robot systems that need
to operate near humans, objects, and equipment without relying on cages, fixed
barriers, or fully separated workspaces. The work also provides an evaluation basis
that can be reused to compare planning methods and further develop human-aware
robot motion planning before physical robot deployment.
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2
Theory

2.1 Simulation in Robotics
Simulation plays a central role in modern robotics research and development. As
robotic systems increase in complexity, the need for safe, scalable, and reproducible
experimentation becomes more important. Simulation environments provide a con-
trolled and configurable platform in which robotic systems can be designed, tested,
and validated before deployment in physical hardware.
Simulation environments rely on mathematical models of rigid-body dynamics, kine-
matic chains, contact interactions, and collision detection. These models approxi-
mate the physical behaviour of robotic systems and their interaction with the envi-
ronment. In motion planning, simulation serves as a geometric and dynamic ground
truth that enables systematic evaluation of planning algorithms and collision avoid-
ance strategies.
In this work, simulation is used as a representation of the robot and its environment.
The simulation framework provides articulated robot models, collision geometry, and
physics-based interaction, which together form the foundation for motion planning
and collision checking.

2.2 Robot Kinematics and Configuration Space
This section introduces the concepts required to describe robot motion and formulate
motion planning problems. Robot configurations are first defined through joint
variables and degrees of freedom. This is followed by an overview of forward and
inverse kinematics, which relate joint configurations to the end-effector’s pose in
the workspace. Finally, the concept of configuration space is introduced, giving a
framework for expressing motion planning problems.

2.2.1 Degrees of Freedom and Joint Representation
A robot manipulator is composed of rigid links connected by joints. Each joint al-
lows a specific type of motion and contributes one or more degrees of freedom (DoF)
to the system. The total number of degrees of freedom determines the dimension of
the robot’s configuration space. [1]

The most common joint types in industrial manipulators are revolute and prismatic
joints. A revolute joint allows rotational motion around a fixed axis and is typically
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represented by an angle θ ∈ R, while a prismatic joint allows linear motion along an
axis and is represented by a displacement d ∈ R. Both of these joint types provide
one degree of freedom. [1, 2]

The full configuration of a robot can be described by a set of joint variables, one for
each degree of freedom. These variables are commonly grouped into a configuration
vector q ∈ Rn, where n is the number of degrees of freedom of the robot. Each
element of q corresponds to the position of a single joint, such as an angle for a
revolute joint or a linear displacement for a prismatic joint. Each joint may also
have a joint limit which restrict the range of motion for each joint:

qmin
i ≤ qi ≤ qmax

i .

[1, 2]

2.2.2 Forward and Inverse Kinematics
Kinematics describes the relationship between the robot’s joint configuration and
the position and orientation of its end-effector in the workspace [1, 2]. Forward
kinematics computes the pose of the end-effector from a given joint configuration q.
In this context, the pose consists of both position and orientation, and is commonly
represented by a homogeneous transformation matrix (T)

T (q) ∈ SE(3),

whose rotational part describes orientation and whose translational part describes
position in three-dimensional space [1, 2]. The rotational part is a rotation matrix,
commonly denoted R ∈ SO(3), which represents the orientation of the end-effector
frame relative to a reference frame.

The forward kinematics of an open kinematic chain is obtained by chaining together
the transformations associated with the joints and links of the robot. This can
be expressed using homogeneous transformation matrices, for example, through the
Denavit–Hartenberg convention, or through the product of exponentials formulation
[1, 2].

In addition to rotation matrices, robot orientation can be represented using al-
ternative parametrisations. A common three-parameter representation is given by
Euler angles, in which the final orientation is obtained through a sequence of three
successive rotations about specified axes [2]. A closely related representation is roll–
pitch–yaw angles, which also describe orientation through ordered rotations about
coordinate axes [2].

Another widely used representation in robotics and motion planning is the unit
quaternion representation of orientation. A unit quaternion represents a rotation
using four parameters

q = [q0, q1, q2, q3]T ,
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subject to the constraint ∥q∥ = 1. It can be interpreted as a rotation of angle θ
about a unit axis ω̂, where the quaternion is defined as

q =
[

cos(θ/2)
ω̂ sin(θ/2)

]
.

This representation avoids singularities that occur in three-parameter representa-
tions and provides a numerically stable way to represent orientation, at the cost of
introducing one redundant parameter [1]. Regardless of the chosen representation,
the full pose combines both position and orientation and can be expressed theoret-
ically by a homogeneous transformation matrix in SE(3) [1].

For an open kinematic chain, the position and orientation of the end-effector are
uniquely determined by the joint configuration. The forward kinematics problem is
therefore to determine the pose of the reference frame attached to the end-effector
from the given joint values [1].

Inverse kinematics solves the opposite problem: given a desired pose of the end-
effector, determine the joint configuration or configurations that achieve this pose.
Unlike forward kinematics, inverse kinematics may have multiple solutions, a single
solution, or no solution at all, depending on the robot geometry and the desired
pose [2].

In practice, inverse kinematics is used to convert task-space goals, such as reaching
a desired position and orientation, into joint-space targets for a motion planner or
controller. Analytical solutions exist for some robot structures, while numerical
methods are often used for more general or more complex manipulators. [1, 2]

2.2.3 Configuration Space Representation
The configuration space, denoted C, is the set of all possible configurations that
a robot can attain. Each point in C corresponds to a complete specification of the
robot’s configuration, typically given by the joint configuration vector q ∈ Rn, where
n is the number of degrees of freedom. [1]

In general, the configuration space C does not behave as a standard Euclidean space.
This is because some joint variables, such as rotational joints, are periodic, meaning
that different numerical values can represent the same physical configuration (for
example, angles differing by 2π). As a result, the configuration space may have a
curved or wrapped structure. For this reason, C is more accurately described as a
manifold, which locally behaves like Rn but may have a different global structure. [3]

From a motion planning perspective, the configuration space can be viewed as the
state space over which planning is performed. By representing the robot in this
abstract space, complex geometric planning problems in the physical workspace can
be transformed into problems of finding paths in C. [1]

9



2. Theory

A key concept in motion planning is the partitioning of the configuration space into
free space and obstacle space. The free space, denoted Cfree, consists of all configu-
rations in which the robot does not intersect any obstacles in the environment. The
obstacle space, denoted Cobs, consists of all configurations that result in a collision.
These two sets satisfy

C = Cfree ∪ Cobs, Cfree ∩ Cobs = ∅.

Motion planning is therefore restricted to finding solutions within Cfree. [3]

A path in configuration space is defined as a continuous function

τ : [0, 1]→ C,

where τ denotes the path and s ∈ [0, 1] is a scalar path parameter. For each value
of s, the path returns a configuration

q = τ(s).

The parameter s can be interpreted as progress along the path, where s = 0 corre-
sponds to the start configuration and s = 1 corresponds to the goal configuration.
It is important to note that a path is a function rather than only a set of points,
meaning that each point along the path is associated with a specific parameter value
s. Continuity ensures that nearby values of s correspond to nearby configurations,
so that the path does not contain jumps or discontinuities. [3]

2.2.4 Obstacle Representation and Collision Detection
In motion planning, obstacles are typically defined in the workspace and then implic-
itly mapped into configuration space. A configuration belongs to the obstacle region
Cobs if the robot, placed at that configuration, intersects with any obstacle in the
environment [1]. The set of all such configurations forms the so-called C-obstacles.
In practice, explicitly constructing Cobs is generally infeasible for high-dimensional
systems, and motion planning algorithms instead rely on performing collision checks
for individual configurations [1].

Collision detection, therefore, becomes an important operation in motion planning.
Given a configuration q, a collision detection function determines whether q ∈ Cfree
or q ∈ Cobs. Since this operation is executed repeatedly during planning, its compu-
tational efficiency significantly impacts overall performance [3].

To improve efficiency, it is common to approximate robot and obstacle geometries
using simplified representations. For example, bounding volumes such as spheres or
boxes can be used in an initial broad phase to quickly rule out non-colliding con-
figurations before performing more detailed checks [3]. This introduces a trade-off
between geometric accuracy and computational cost.
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Modern motion generation frameworks extend this idea further by designing the
entire collision checking pipeline around such simplified representations. In cuRobo,
for instance, the robot geometry is approximated by a set of spheres. This allows
collision checking to be reduced to efficient distance computations, such as sphere–
sphere distances for self-collision and point-to-environment distance queries for ob-
stacle avoidance. By avoiding expensive mesh-based collision checks, this approach
enables fast and highly parallel collision evaluation on GPUs [4].

In addition to simplifying the robot geometry, modern systems also support multi-
ple environment representations, such as bounding boxes, triangle meshes, or signed
distance fields. These representations give different trade-offs between accuracy and
computational efficiency, and can be selected based on the application. [4]

This formulation provides the foundation for motion planning, where the objective
is to compute a path that connects a start and goal configuration while remaining
within Cfree.

2.3 Motion Planning
Building on the configuration-space formulation introduced above, motion planning
concerns the computation of robot motions that move the system from an initial
configuration to a desired goal configuration while satisfying relevant constraints.
These constraints include collision avoidance, joint limits, and, in more general set-
tings, dynamic and control limitations.

The following section first presents the formal problem formulation and then intro-
duces the main classes of planning methods considered in this work.

2.3.1 Problem Formulation
Given the configuration space C and its collision-free subset Cfree, the motion plan-
ning problem can be defined as follows. A start configuration qstart ∈ Cfree and a goal
configuration qgoal ∈ Cfree are specified, and the objective is to determine a path

τ : [0, 1]→ Cfree

such that
τ(0) = qstart, τ(1) = qgoal.

[3]

In this formulation, the problem is purely geometric and is commonly referred to
as path planning. The goal is to find a continuous sequence of configurations that
avoids collisions, without explicitly considering the time required to execute the mo-
tion or the dynamics of the robot [1]. In addition to avoiding collisions, the path
must satisfy constraints imposed by the robot, such as joint limits and other kine-
matic or dynamic restrictions. As a result, valid solutions must lie entirely within
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the feasible subset of Cfree [3].

In practice, although paths are defined as continuous functions, computational meth-
ods operate on discretised representations. A trajectory, defined as a path together
with a time scaling that specifies when each configuration is reached [1], is therefore
typically approximated as a finite sequence of configurations:

θ[0,T ] = [θ0, θ1, . . . , θT ], θt ∈ Rn,

where each θt corresponds to the robot configuration at a discrete time step. [4]

A distinction is often made between feasibility and optimality in motion planning.
A feasible solution is any path that satisfies the constraints and remains collision-
free. An optimal solution, on the other hand, minimises a cost function defined
over trajectories. Common cost criteria include path length, smoothness, energy
consumption, or execution time [1].

Motion planning problems can also be categorised based on how they are solved
in practice. In an offline setting, the environment is assumed to be static, and the
planner is allowed more time to compute a solution. In contrast, online planning
requires fast replanning in response to changes in the environment or task, which
places stronger requirements on computational efficiency [1].

Although paths are defined theoretically as continuous functions in configuration
space [3], computational planning methods often approximate them using discrete
waypoints or time-indexed configurations. This allows the planning problem to be
handled numerically while approximating the underlying continuous motion [4].

2.3.2 Sampling-Based Planning
Sampling-based planning methods address the motion planning problem by avoid-
ing an explicit construction of the obstacle region Cobs in the configuration space.
Instead, they rely on sampling configurations and using collision checking to deter-
mine feasibility, thereby constructing a representation of the free space indirectly
through samples and connections between them. [5]

More formally, these methods generate samples in the configuration space and keep
those that lie in Cfree. A graph or tree structure is then incrementally constructed
by connecting nearby collision-free samples. The resulting structure represents a set
of feasible trajectories, from which a solution path can be extracted. [5]

A key distinction within sampling-based planning is between multi-query and single-
query methods. Probabilistic Roadmaps (PRM) belong to the multi-query category
and construct a reusable graph that captures the connectivity of the free space.
In contrast, Rapidly-exploring Random Trees (RRT) are single-query methods that
incrementally build a tree starting at the initial configuration, expanding toward
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randomly sampled configurations until a feasible path to the goal is found. [5]

An important theoretical property of sampling-based planners is probabilistic com-
pleteness, meaning that if a feasible path exists, the probability of failure decreases
to zero as the number of samples increases [5]. However, basic variants such as PRM
and RRT do not guarantee optimal solutions. It has been shown that the cost of
the solution returned by these algorithms converges to a non-optimal value as the
number of samples increases [5].

Probabilistic Roadmaps (PRM)

PRM constructs an undirected graph, referred to as a roadmap, that captures the
connectivity of the free configuration space. The algorithm operates in two phases:
a learning phase and a query phase [6].

During the learning phase, configurations are sampled from the configuration space,
and those that lie in the free space are added as roadmap vertices. Each vertex
is then connected to nearby vertices, and connections are retained only if they are
collision-free. This results in a graph that approximates the connectivity of the free
space [6].

In the query phase, the start and goal configurations are connected to the roadmap,
after which a graph search algorithm is used to find a path between them. PRM is
particularly well-suited for multi-query problems, where multiple planning queries
will be solved in the same environment. As the number of samples increases, the
roadmap provides a more accurate approximation of free-space and retains proba-
bilistic completeness [6, 5].

Rapidly-exploring Random Trees (RRT)

In contrast to PRM, RRT is an incremental, single-query algorithm that builds a
tree rooted at the initial configuration. At each iteration, a random configuration
is sampled, and the nearest node in the existing tree is identified. The tree is then
extended toward the sampled configuration, typically by generating a new point in
that direction using a local steering procedure. If the resulting motion is collision-
free, the new configuration is added to the tree. [5, 7]

A key property of RRT is its exploration behaviour. The algorithm tends to expand
toward previously unexplored regions of the configuration space, which allows it to
rapidly cover large portions of the space in the early stages of planning [7]. The
algorithm continues until a configuration is found that lies within the goal region or
until a computational limit is reached. Like PRM, RRT is probabilistically complete,
but it does not guarantee optimal solutions [5].
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Optimal Variants: PRM∗ and RRT∗

Standard PRM and RRT are not asymptotically optimal, meaning that the solu-
tion does not necessarily converge to the optimal path as the number of samples
increases. To address this limitation, asymptotically optimal variants, PRM∗ and
RRT∗, have been introduced. [5]

In PRM∗, asymptotic optimality is achieved by modifying the connection strategy
such that each sample is connected to nearby nodes within a radius that depends
on the number of samples. Specifically, the connection radius scales proportionally
to (log n/n)1/d, where n is the number of samples and d is the dimension of the
configuration space. In RRT∗, the algorithm incrementally improves the solution by
selecting the parent that yields the lowest path cost and by performing a rewiring
step, in which nearby nodes are reconnected if a lower-cost path is found [5].

Limitations

Sampling-based planners are particularly effective in high-dimensional spaces, where
explicit representations of the configuration space are very expensive. Their reliance
on collision checking allows them to scale well with complex environments. [5]

However, the motions produced by grid-based and sampling-based planners are often
jerky and may require post-processing or smoothing to improve their quality. This
motivates the use of trajectory-optimisation-based methods, which instead aim to
directly optimise trajectories with respect to a defined objective. [1]

2.3.3 Trajectory-optimisation-based planning
Trajectory optimisation formulates motion planning as a nonlinear optimisation
problem, where the aim is to find a feasible motion that minimises a given ob-
jective while satisfying constraints such as system dynamics, collision avoidance,
and boundary conditions. [1]
In this work, the robot motion is represented in joint space as a discrete sequence
of configurations, and cuRobo is used as the trajectory-optimisation-based planner.

Trajectory representation and objective

A trajectory in joint space can be written as

θ[0,T ] = [θ0, θ1, . . . , θT ], θt ∈ Rn,

where n is the number of robot joints, θt is the full joint configuration at time step
t, θ0 is the start configuration, and θT is the final configuration. Thus, θ[0,T ] denotes
the complete joint-space trajectory, while each θt denotes one robot state along that
trajectory. [4]

The optimisation is typically carried out over the states after the fixed initial con-
figuration, that is, over θ1:T . In general, trajectory optimisation can be written as
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minimising an objective of the form

J(θ1:T ) = Ctask + Csmooth + Climits + Ccollision,

where the different terms penalise different undesirable properties of the motion.
The task cost encourages the robot to reach the desired goal, for example, by pe-
nalising the final end-effector pose error. The collision cost penalises self-collisions
and collisions with the environment. The limit-related cost penalises violations of
joint, velocity, acceleration, or jerk limits. The smoothness cost encourages grad-
ual variation along the trajectory rather than abrupt changes between neighbouring
states. [8] In practice, this is commonly achieved by penalising large velocities, ac-
celerations, jerks, or finite differences between consecutive waypoints. A smooth
trajectory is therefore one in which the motion changes gradually over time. [1]

In cuRobo, motion generation can be viewed as a time-discretised trajectory optimi-
sation problem over a joint-space trajectory. In simplified form, this can be written
as

min
θ1:T

Ctask
(
X(θT ), Xg

)
+

T∑
t=1

Csmooth(·), (2.1)

where θ1:T denotes the planned sequence of joint configurations and the initial state
θ0 is treated as fixed. The term X(θT ) denotes the end-effector pose obtained from
forward kinematics at the final configuration, while Xg denotes the desired goal pose
in task space. The task cost penalises the difference between the final end-effector
pose and the goal pose, while the smoothness term encourages a smooth trajectory,
for example, with respect to velocity, acceleration, and jerk. The optimisation also
accounts for joint position, velocity, acceleration, and jerk limits, as well as self-
collision and world-collision avoidance [4].

Seed trajectory generation

Trajectory optimisation is a local optimisation problem and therefore needs an initial
guess from which the optimisation starts. Such an initial guess is called a seed
trajectory. A seed trajectory is therefore an initial full joint-space motion, from the
start state toward the goal, which is later refined by the optimiser.
Each IK solution from the IK solver provides a candidate joint-space goal configu-
ration qgoal. From these candidate goals, seed trajectories can be constructed, which
serve as starting points for later optimisation. [9]
Several strategies can be used to generate such seeds.

• Straight-line joint interpolation: A simple seed is obtained by linearly
interpolating in joint space from qstart to qgoal over T waypoints. [10]

• Interpolation via a retract configuration: A seed can also be generated
by first moving to a predefined safe or convenient posture qretract, and then
from there to the goal:

qstart → qretract → qgoal.
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This can help avoid poor direct initialisations in cluttered scenes. [10]

• Geometric planner seed: A seed can also be constructed using a paral-
lel geometric planner in joint space. First, a simple heuristic connection is
attempted, such as direct start-to-goal interpolation or motion via a retract
configuration. If these fail, a sample collision-free joint configuration con-
nects nearby nodes and searches for a collision-free path through the resulting
graph. A shortcutting step is then applied to remove unnecessary waypoints
and produce a better initial path. [4]

Particle-based refinement of seeds

Optimisation-based motion planning methods are generally sensitive to the initial
guess. As noted in Modern Robotics [1], such methods can generate smooth near-
optimal motions, but they may also become trapped in local minima in cluttered
configuration spaces, which makes good initialisation important.

Different trajectory-optimisation methods address this issue in different ways. For
example, TrajOpt [8] uses primarily local optimisation methods and therefore de-
pends strongly on the quality of the initial trajectory, while stochastic approaches
such as STOMP [11] use sampling to improve robustness to poor initialisation and
local minima.

In cuRobo, an intermediate stochastic refinement stage is used before the gradient-
based optimisation. Rather than applying local gradient-based updates directly to
a raw seed trajectory, cuRobo first explores its neighbourhood using a stochastic
particle-based optimiser. This allows multiple nearby candidate trajectories to be
sampled and evaluated, making it possible to move the trajectory toward a more
promising region of the objective landscape before local gradient-based refinement
is applied. [12, 4]
For one seed, the optimiser maintains a mean trajectory µ, initially set to the seed
trajectory:

µ← Qseed.

It then iteratively samples perturbed trajectories around this mean. [4]
In each iteration, the following steps are performed:

1. Sample candidates: from the current mean trajectory µ and covariance σ,
generate K candidate trajectories

Q(i) = µ + σ1/2ϵ(i), ϵ(i) ∼ N (0, I), i = 1, . . . , K.

Each particle therefore represents a complete perturbed trajectory, not just a
single state. [4]

2. Evaluate cost: compute the trajectory cost J(Q(i)) for each candidate. In
cuRobo, this cost reflects the same general objective discussed above, including
terms related to goal error, collisions, smoothness, and joint-limit behaviour.
[4]
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3. Compute weights: convert the costs into weights so that lower-cost trajec-
tories receive higher influence:

wi =
exp

(
−J(Q(i))/β

)
∑K

j=1 exp(−J(Q(j))/β)
.

[12, 4]
4. Update the trajectory distribution: update the mean trajectory and co-

variance using the weighted particles:

µ← (1− kµ)µ + kµ

K∑
i=1

wiQ
(i),

while the covariance is also updated based on the weighted spread of the
sampled trajectories. [4]

After a small number of iterations, this stage outputs a refined trajectory for each
seed. [13, 14]

Gradient-based refinement

Motion planning can be formulated as a nonlinear optimisation problem. Such
problems may be solved using gradient-based methods, such as sequential quadratic
programming (SQP) [15], or non-gradient methods, such as simulated annealing,
Nelder–Mead optimisation [16], and genetic programming. For gradient-based meth-
ods, a locally optimal solution can often be obtained when the optimisation is started
from a sufficiently good initial guess [1]. In cuRobo, this refinement is performed
using L-BFGS, a gradient-based quasi-Newton method [17]. Unlike standard gra-
dient descent, L-BFGS uses gradient evaluations together with a limited-memory
approximation of curvature information to compute more effective search directions
for local optimisation [4, 17].

For one candidate trajectory, the optimisation variables are all joint values across
all time steps. If the trajectory has T waypoints and the robot has n joints, the
trajectory can be flattened into a vector in RT n. The optimiser therefore updates
the whole trajectory jointly across time, rather than modifying one waypoint inde-
pendently. [10, 18]
At the current iterate xk, the trajectory cost and its gradient are evaluated:

gk = ∇f(xk),

where f(xk) denotes the current trajectory objective. Because the objective contains
task, collision, smoothness, and limit-related terms, the gradient reflects how all
these factors change when the trajectory is perturbed. [4]
A basic gradient-descent method would move in the steepest descent direction

pk = −gk.

L-BFGS improves upon this by also using information from previous iterations.
More specifically, it stores a limited history of

sk = xk+1 − xk, yk = gk+1 − gk,
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which describes how the trajectory and gradient changed between consecutive iter-
ations. From these vectors, L-BFGS builds an approximation of the local curvature
and computes a search direction of the form

pk ≈ −H−1
k gk,

where H−1
k is an approximate inverse Hessian. [19]

After a search direction has been computed, a line search is used to determine how
far to move along that direction. Instead of evaluating only one step length, several
candidate step sizes are evaluated in parallel:

xk(α) = xk + αpk.

The best acceptable step is then selected according to the line-search conditions.
These step sizes can be evaluated in parallel using a GPU. [4]
The refinement then repeats the same pattern: evaluate cost and gradient, compute
an L-BFGS direction, test candidate step lengths, accept an update, and continue
until convergence or until the iteration budget is exhausted. [4]

Post-optimisation trajectory selection

After the final refinement stage, multiple optimised candidate trajectories may re-
main. These are then checked for feasibility and goal accuracy, and invalid can-
didates are discarded. In cuRobo, each candidate is interpolated and assigned an
estimated timestep based on the joint velocity, acceleration, and jerk limits. [10]
The valid trajectories are then ranked according to criteria related to task-space
accuracy, smoothness, and motion duration. The best-ranked trajectory is selected
as the motion-planning result. In cuRobo, this selected trajectory may also un-
dergo a final time-step refinement step, resulting in the final collision-free trajectory
returned by the planner. [4, 9]

2.3.4 Planning with Continuous Updating
In dynamic environments, it is generally insufficient to compute a motion plan once
and execute it unchanged over the full duration of a task. Changes in the envi-
ronment, such as moving obstacles or varying workspace conditions, can render an
initially feasible trajectory inefficient or infeasible during execution. The robot must
therefore be able to adapt its motion online based on updated state information. To
address this, planning approaches with continuous updating are employed. These
methods repeatedly predict the future evolution of the system over a finite horizon,
update the plan using the current state, and execute only the first part of the so-
lution before replanning. This receding-horizon strategy forms the basis of Model
Predictive Control and related approaches.

2.3.4.1 Model Predictive Control

In a general discrete-time formulation, the system dynamics are written as

xk+1 = f(xk, uk), (2.2)
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where xk denotes the system state at prediction step k, uk the control input, and
f(·) the model used to predict the future system evolution [20]. Based on the current
state x0 = xcurrent, MPC predicts the state trajectory over a finite horizon of length
N . The controller then determines the control sequence

u0:N−1 = {u0, u1, . . . , uN−1} (2.3)

that minimises a cost function of the form

J =
N−1∑
k=0

ℓ(xk, uk) + ℓf (xN), (2.4)

where ℓ(xk, uk) is the stage cost and ℓf (xN) is the terminal cost. The stage cost
typically penalises state deviation from a desired reference, control effort, or other
undesired behaviour along the horizon, while the terminal cost accounts for the pre-
dicted state at the final step [20].

The optimisation is solved subject to the system dynamics and admissibility con-
straints,

xk+1 = f(xk, uk), k = 0, . . . , N − 1, (2.5)
xk ∈ X , uk ∈ U , (2.6)
x0 = xcurrent, (2.7)

where X and U denote the sets of admissible states and control inputs. In practice,
these constraints may represent actuator limits, velocity or acceleration bounds,
workspace boundaries, or other physical restrictions. The explicit inclusion of such
constraints is one of the main strengths of MPC [21].

At each sampling instant, the current state is first measured or estimated, after
which an optimization problem is solved to obtain the control sequence that min-
imizes the objective function while satisfying the imposed constraints. However,
only the first control input u∗

0 is applied to the system. At the next sampling in-
stant, the state is updated, the horizon is shifted forward, and the optimisation is
solved again. In this way, MPC implements the receding-horizon principle through
repeated online optimisation [22].

A key advantage of MPC is that it combines prediction and constraint-aware control
within a unified framework. However, the repeated solution of the associated optimi-
sation problem can become computationally demanding, particularly for nonlinear
or high-dimensional systems [20]. This limitation becomes more pronounced in set-
tings that require rapid online updates and continuous local re-optimisation during
execution. For such cases, other predictive control formulations can be considered
within the same receding-horizon principle.
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2.3.4.2 Model Predictive Path Integral

Model Predictive Path Integral (MPPI) can also be applied within an MPC setting.
In cuRobo, this differs from its earlier use in particle-based seed refinement. While
the underlying sampling-based update principle remains the same, the quantity
being optimised is no longer a complete candidate trajectory intended for later
selection. Instead, MPPI is applied to a finite-horizon control sequence within the
MPC loop, where the horizon determines how many future steps are considered in
each optimisation [14].
At each control step, the control sequence is updated using the sampling, cost-
weighting, and weighted averaging procedure described in Section 2.3.3, but here
it is applied over the finite prediction horizon used by MPC. Only the first control
action of the optimised sequence is then applied, after which the optimisation is
repeated from the updated state. In this way, MPPI is incorporated into a receding-
horizon control framework rather than serving as an offline trajectory-refinement
stage [12].

The use of MPPI in this setting is motivated by the need for repeated local re-
optimisation during execution. By embedding the method within the MPC loop,
the controller can continuously adapt the commanded motion to the current state
and surrounding conditions without committing to a full trajectory in advance.
MPPI thus represents one example of an alternative predictive control formulation
within the same receding-horizon principle. This makes the approach well-suited for
reactive, obstacle-aware control over a limited horizon [23].
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This chapter presents the approach used to design and implement the simulation-
based robotic kitting system. The focus is on the overall system architecture, the
integration between simulation, control, and motion planning, and the construction
of the simulated environment that was used.

3.1 Project Structure
The project was implemented as a containerised software architecture built around
ROS 2, Isaac Sim [24], and GPU-accelerated motion planning frameworks such as
cuRobo. A container packages software and dependencies into an isolated runtime
environment. The system was separated into multiple cooperating containers rather
than a single large environment. This design choice was motivated by the partially
conflicting dependencies of the involved frameworks. Isaac Sim requires a GPU-
enabled runtime and graphical environment, whereas ROS 2 and MoveIt 2 rely on
separate middleware and robotics libraries. While the OMPL-based planning base-
line can run on the CPU, the complete simulation and GPU-accelerated planning
setup requires an NVIDIA GPU with CUDA support, where CUDA is NVIDIA’s
GPU programming platform. Containerization was therefore used to isolate these
environments, making sure it is reproducible and simplifying deployment across dif-
ferent computers.

In addition, the separation between the simulation layer and the control layer allows
the simulation environment to be replaced by a real robotic system without requir-
ing major changes to the overall architecture. This makes it possible to transfer
the developed system from a simulated setup to a real-world deployment by replac-
ing the simulation container with a hardware interface while keeping the remaining
components unchanged.

The system consists of three primary runtime environments. The control layer is
implemented in a ROS 2 container that provides the robot description, controllers,
and motion-planning interfaces via MoveIt 2. This container acts as the central
integration layer and is responsible for coordinating execution and communication
between components. The simulation layer is implemented in a separate container
running Isaac Sim, where the robot, workspace, and dynamic obstacles are defined.
This environment exposes a ROS 2 bridge, which is the interface that translates
simulation data to and from ROS 2 messages, making bidirectional communication
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between the simulated world and the control system possible. The planning layer
is implemented in a dedicated container, which provides access to multiple plan-
ning backends, including sampling-based planners and GPU-accelerated methods.
Figure 3.1 shows the overall software architecture of the project. The dashed boxes
represent the three runtime containers, while the solid boxes show the main processes
and functional components launched inside each container. The arrows indicate the
main ROS 2 communication paths between planning, control, simulation, and envi-
ronment updates.
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Figure 3.1: Overview of the project software architecture. The system is divided
into three runtime containers: a planner container for planning libraries and plan-
ning interfaces, a ROS 2 container for the ros2_control controllers, and an Isaac
Sim container for simulation. Dashed boxes are container boundaries. Each solid
box groups the processes launched in that devcontainer. Arrows are ROS 2 topic-
s/actions/services between containers or between processes in the same container.

All runtime containers share a common ROS 2 workspace and communicate through
ROS 2 topics, services, and actions. Host networking enables communication be-
tween containers, allowing the system to act as a unified application.

The system was developed as an extension of the repository
ur10e_2f140_topic_based_ros2_control, which provides an initial integration of
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a UR10e robot arm, a Robotiq 2F-140 gripper, ROS 2 control, and Isaac Sim in a
containerised setup [25]. The base repository supplied the robot model, the initial
topic-based ROS 2 control interface, and an initial dual-container architecture. The
robot model was described using URDF/Xacro files. URDF, the Unified Robot De-
scription Format, is the standard robot description format used in ROS to define
a robot’s links, joints, visual geometry, collision geometry, and inertial properties.
Xacro is an XML macro language used to generate URDF files from reusable com-
ponents, which makes larger robot descriptions easier to maintain. In this project,
this was useful because the complete robot model consisted of several connected
parts, including the gantry, the UR10e arm and the Robotiq gripper. This project
extends the base repository by introducing an additional planning container, inte-
grating multiple motion planning backends, supporting hybrid planning strategies,
and incorporating dynamic obstacle scenarios. The UR10e manipulator and at-
tached Robotiq 2F-140 gripper are shown in Figure 3.2.

Figure 3.2: UR10e manipulator with the attached Robotiq 2F-140 gripper, iso-
lated from the simulation scene. The image shows the robot model used in the
project without the surrounding gantry, workspace, or dynamic obstacles, in order
to highlight the arm and end-effector configuration.

3.2 ROS 2 Integration
Robot Operating System 2 communication was used across all three containers de-
scribed in the previous section. This allowed the different components to work
together as one integrated system, even though they were separated across different
environments. ROS 2 provides a common communication structure for modular
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robotic systems, allowing separate software components to exchange data and coor-
dinate their operation as part of the same overall application [26]. Communication
in ROS 2 is organised through a distributed architecture in which functionality is
divided into separate processes, referred to as nodes. These nodes can exchange in-
formation through several communication patterns, most notably topics for publish-
subscribe communication, services for request-response interactions, and actions for
longer-running tasks with execution feedback [26]. In this project, ROS 2 was used
for communication between simulation, planning, and control, allowing robot state
information, commands, motion plans, and environment updates to be exchanged
between the different components.

On the simulation side, Isaac Sim was connected to the ROS 2 network through
the topic-based ros2_control hardware interface. Instead of communicating with
physical robot hardware, this interface exchanged commands and state information
through ROS 2 topics. Joint commands for the manipulator and gripper were sent
from the control system to Isaac Sim, while Isaac Sim published the current sim-
ulated joint states back to the ROS 2 network. In this way, the simulated robot
could be controlled through the same ROS 2-based control structure that would
also be used for a physical system. This is important because it makes it possible to
develop planners safely and reliably in simulation and then transfer the same code
more easily to a real robot.

The controller layer was implemented through ros2_control, which ran inside the
ROS 2 container and acted as the main interface between higher-level planning
components and low-level robot actuation. Several controllers were configured for
different execution modes. A joint trajectory controller was used for conventional
trajectory execution, while a forward position controller was used for streaming com-
mands when MPC was used. Separate controllers were also used for the gripper,
together with a joint state broadcaster for publishing the current robot state.

MoveIt 2 was integrated into the ROS 2 network through the move_group node,
which served as the main motion-planning interface for standard planning requests.
ROS 2 was also used to publish collision information from the simulated environ-
ment into the MoveIt 2 planning scene, allowing the planner to take both static and
exported environment geometry into account.

The GPU-based planning layer was implemented around a custom ROS 2 node
referred to as the unified planner node. This node acted as the interface to the
cuRobo-based planning backends and exposed its functionality through ROS 2 ser-
vices and actions. Trajectory generation was requested through a service interface
that accepted the current robot state together with a target pose or target joint
configuration and returned a collision-free trajectory. The unified planner node sub-
scribed to the current joint states from the ROS 2 network and published streaming
joint commands to the active controller when MPC-based execution was used.

Overall, ROS 2 functioned as the communication backbone of the project. It pro-

25



3. Methods

vided the distributed runtime structure needed to connect simulation, planning, and
control across multiple containers.

3.3 Simulation
Simulation was used since it allowed the robotic system to be tested in a controlled,
safe and repeatable environment. In this project, NVIDIA Isaac Sim was used as
the simulation engine and acted as the main representation of the robot and its
surroundings during runtime. By maintaining the world model, Isaac Sim provided
the system with a consistent description of the simulated environment for planning
and control [27]. Isaac Sim is built on NVIDIA Omniverse, which provides the
underlying framework for rendering, physics simulation, and extensible application
development [27, 28, 29].

The simulated environment was represented using Universal Scene Description (USD),
which is a format for describing 3D scenes, including objects, geometry, materials,
transformations, and relationships between scene elements. A useful property of
USD is its composition model, which allows a scene to be built from several refer-
enced assets and layers instead of a single self-contained file. This made it possible to
keep robot models, environment assets, and other scene elements separate and com-
bine them into a complete simulation scene when needed [30]. Physics simulation
in Isaac Sim is based on the NVIDIA PhysX engine, which provides real-time simu-
lation of articulated robots, rigid bodies, and contacts between objects [31, 32, 33].

The simulation scene was built from a set of reusable USD assets. The main scene
contained the UR10e robot, the Robotiq 2F-140 gripper, the gantry structure, and
the surrounding workspace. Static environment objects such as the flow rack, crates,
and structural elements were added as separate USD assets. The scene was built
in a modular way, with the base robot asset kept separate and the surrounding en-
vironment added on top via USD composition. This made it easier to modify the
workspace or create scene variants without changing the original robot asset. Sev-
eral scene variants were used in the project, including a base environment without
moving obstacles, a version with a dynamic cylinder obstacle, and a version with a
humanoid obstacle.

The simulated robot was connected to the control system through a topic-based
ros2_control interface. Instead of communicating with physical robot hardware,
the simulator exchanged commands and state feedback through ROS 2 topics. Joint
commands generated by the control and planning layers were sent to Isaac Sim, and
Isaac Sim published the current joint states back to the ROS 2 network. In this
way, the simulator acted as a substitute for the physical robot while still using the
same overall control structure.

On the Isaac Sim side, the ROS 2 communication was implemented through an
Action Graph, Isaac Sim’s node-based visual scripting graph, configured in the sim-
ulation scene. This graph was evaluated at each simulation tick. At every update
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step, it read the latest joint commands coming from the ROS 2 container and ap-
plied them to the simulated robot. After the robot state had been updated in the
simulator, the graph published the resulting joint states back to the ROS 2 network.
In addition, it published TF transforms, which are ROS 2 coordinate-frame trans-
formations that describe the poses of robot links and objects relative to one another.
This allowed the rest of the system to continuously receive updated state and pose
information directly from the simulator during runtime.

3.3.1 Simulation Environment
The simulated environment was made using a combination of sourced and custom-
made assets. The visual models of the crates and the flow rack were taken from
GrabCAD [34, 35] with the creator’s permission, while an overhead support beam
for mounting the robot arm was designed and modelled in Fusion 360 [36]. The
UR10e arm was inherited from the base repository, where it was based on the up-
stream description provided by Universal Robots, and was locally integrated with a
Robotiq gripper model.

The flow-rack model was first imported into Fusion 360, where its geometry was
modified to resemble an industrial kitting station better. In particular, the rack was
extended in width, and the upper shelf was made shallower. These modifications
were introduced to create clearance for the robot arm, which was mounted above the
rack on the overhead support beam, while still allowing access to the lower crates.
Figure 3.3 shows a comparison between the original sourced rack and the rack after
the modifications had been made.

(a) Original sourced flow-rack model. (b) Flow rack after the geometric modi-
fications had been applied.

Figure 3.3: Comparison between the original sourced rack and the rack after the
geometric modifications had been made.

After the modifications, the assets were imported into Blender [37] for collision
modelling. A separation was made between visual and collision representations
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throughout this stage. The CAD-derived meshes were used for visual rendering,
while simplified box-based collision geometries were created for physical interaction
and collision checking. For the flow rack, box-shaped collision primitives were used
to approximate the structural elements and shelf regions. For the crates, several
box colliders were combined to represent the bottom and side walls. This simplifi-
cation reduced collision complexity and made the simulation more computationally
efficient.

The final assets were then exported in USD format and imported into Isaac Sim.
In the simulation environment, the flow rack and the overhead support frame were
defined as static objects, while the crates were configured as dynamic bodies and
assigned mass. A table was also imported and positioned in front of the flow rack to
serve as the object placement area for the robot during kitting tasks. The robot was
mounted on the overhead support frame, allowing it to reach both the flow rack and
the table during pick-and-place execution. The friction properties of the shelves’
collision surfaces were reduced to approximate the behaviour of a roller-based rack.
This allowed the crates to slide more easily along the inclined shelf levels. The final
simulation setup is shown in Figure 3.4.

Figure 3.4: Final simulation setup showing the modified flow rack, the object
placement table used during the kitting task, the overhead support frame with the
mounted robot, and the crate arrangement in the simulated environment. Some
crates are not shown to improve visualisation.

At a late stage of the project, an additional visual environment representation was
also explored. This was based on a Gaussian splatting model of the real research
environment inside Volvo CampX, developed by an ongoing bachelor’s thesis group
within the same research project. Gaussian splatting is a scene representation and
rendering method that represents a 3D environment using a set of optimised 3D
Gaussian primitives [38]. The splat was provided as a .ply Gaussian splatting file
and was converted to a USDZ asset using NVIDIA 3DGRUT [39]. The converted
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splat asset was then added to the USD scene, alongside the existing robot, crate,
and rack assets.

This integration was only performed as a visual test and was not used for the eval-
uation presented in this thesis. The visualisation can be seen in Figure 3.5. All
benchmark results and planner comparisons were instead obtained using the CAD-
based simulation environment described above. However, the initial test showed that
the Gaussian splatting representation could be used alongside the simulated robot
and objects, which points to a possible direction for future work where more real-
istic environment representations are combined with robot simulation and motion
planning.

Figure 3.5: Visual integration of a Gaussian splatting model of the research en-
vironment in Isaac Sim. The model was combined with the simulated robot and
generated assets, but was not used in the evaluation.

3.4 Path Planning
The path planning was developed in several steps. OMPL was used at first as a
conventional MoveIt 2 baseline, since it is a common and easily available approach
for robot motion planning in ROS 2. This gave a baseline that used the standard
MoveIt 2 planning scene, collision checking, and trajectory execution interfaces.

After this baseline had been set up, GPU-accelerated planners were tested to see
whether planning speed and reliability could be improved for the same robot and
environment. cuMotion was tested first because it could be added as a MoveIt 2 plan-
ning plugin. This meant that the existing MoveIt 2 planning and execution pipeline
could still be used. A direct cuRobo interface was then implemented through a sep-
arate ROS 2 interface, so that cuRobo could also be evaluated outside the MoveIt 2
planner plugin structure.
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Based on the planner comparison, the direct cuRobo approach was chosen as the
basis for the later hybrid planner. In this hybrid setup, cuRobo MotionGen was
used to generate a complete global trajectory, while cuRobo MPC was used for local
reactive control during execution. This made the hybrid planner suitable for the
dynamic obstacle experiments, where the aim was to test whether the robot could
react to changes in the workspace while moving.

3.4.1 Planning Group and Goal Representation
The robot planning group used throughout the project was the seven-degree-of-
freedom manipulator chain extending from the gantry base to the tool centre point.
This consisted of one prismatic gantry axis together with the six revolute joints of
the UR10e robot arm. As described earlier, the gripper was handled as a separate
subsystem and was therefore not included in the main arm path-planning group.
Planning goals were typically expressed either as end-effector pose targets or as di-
rect joint-space targets, depending on the task.

3.4.2 Sampling-Based Planning with OMPL
As a baseline planning approach, MoveIt 2 was configured to use the Open Motion
Planning Library (OMPL), which provides a collection of sampling-based motion
planning algorithms [40]. OMPL was integrated through MoveIt 2’s standard plan-
ning pipeline interface and used the same seven-degree-of-freedom planning group
as the other planners in the project. This meant that OMPL planned for the gantry
joint together with the six revolute joints of the UR10e arm, while the gripper was
handled separately.

MoveIt 2 is a framework for robot manipulation and motion planning within the
ROS 2 ecosystem [41]. It provides tools for representing the robot, performing kine-
matic computations, managing collision environments, and generating feasible robot
motions while respecting geometric and kinematic constraints [42]. Motion planning
in MoveIt 2 is organised around a planning scene, which contains the current robot
state together with the relevant environment geometry. The planning scene is used
as the main interface for collision checking and constraint checking during planning
[43].

In this project, OMPL used the MoveIt 2 planning scene as its collision environment.
The planning scene contained the robot model, the current robot state, and the colli-
sion geometry that had been added to the planning environment. Motions generated
by OMPL were therefore checked against the same MoveIt 2 planning scene represen-
tation used by the standard MoveIt 2 planning pipeline. This made OMPL suitable
as a baseline planner, since it used the conventional MoveIt 2 collision-checking and
planning setup rather than the separate cuRobo collision-world representation used
by the GPU-based planners.
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Several planner configurations were available in OMPL, including RRT, RRT*,
PRM, PRM*, and other variants. In this project, RRT and RRT* were selected
as the two OMPL configurations used in the benchmark evaluation. These planners
were chosen because they use different sampling-based planning behaviours. RRT
is mainly designed to quickly find feasible collision-free paths, while RRT* can con-
tinue improving the solution quality as more samples are added, as described in
Section 2.3.2. Including both planners, therefore, made it possible to test both a
fast conventional sampling-based planner and a sampling-based planner that focuses
more on path quality.

RRT was included because of its speed and relatively low computational cost. Since
it is designed to stop once a feasible path has been found, it gives a good reference for
evaluating how quickly a conventional sampling-based planner can find executable
robot motions.

RRT* was included to provide a second CPU-based comparison with a different
planning objective. Unlike RRT, RRT* is asymptotically optimal, which means
that it can improve the path cost as more samples are added. It was therefore useful
for evaluating how a planner that prioritises path improvement compares against
the faster feasible-path behaviour of RRT.

For each planning request, MoveIt 2 was configured with a per-attempt time limit
of 10 seconds and allowed to perform up to 10 planning attempts from the same
start and goal. For RRT, each attempt typically terminated once a valid path had
been found. The 10-second limit was therefore mainly used as a safety ceiling for
difficult planning problems where a feasible solution was harder to find.

For RRT*, the same 10-second planning time limit was used. However, because
RRT* can continue improving a solution after an initial valid path has been found,
the planner could use the available planning time either to search for a feasible path
or to improve the path cost of an existing solution.

After OMPL generated a geometric path in configuration space, the result was pro-
cessed by the MoveIt 2 planning pipeline before execution. This included validation
with respect to the planning scene, where the trajectory could be rejected if it
violated collision constraints, joint limits, or other planning constraints. If the pro-
cessed plan was valid, MoveIt 2 applied time parameterisation and sent the resulting
joint trajectory to the joint trajectory controller, which executed the motion in Isaac
Sim through the ROS 2 control interface.

3.4.3 GPU-Accelerated Planning with cuMotion
As a second planning approach, NVIDIA cuMotion was added through its MoveIt 2
integration [44]. cuMotion was used as a GPU-accelerated planning backend to
evaluate whether faster trajectory generation and improved success rates could be
achieved compared with CPU-based sampling planners in MoveIt 2. Planning re-

31



3. Methods

quests were still sent through the standard MoveIt 2 interfaces. However, instead
of using OMPL as the internal planning backend, the MoveIt 2 planning pipeline
was configured to use the cuMotion planner plugin. This made it possible to use
the same planning group, task-level requests, and execution interface as the OMPL
baseline, while replacing the internal planner with a GPU-accelerated trajectory op-
timisation method.

The cuMotion MoveIt 2 plugin is built on NVIDIA’s cuRobo planning framework,
which combines parallel seed generation, collision-aware trajectory optimisation,
and trajectory refinement on the GPU [4, 45]. In contrast to OMPL, which op-
erates through the standard MoveIt 2 planning scene and collision representation,
cuRobo-based planners require a planner-specific robot and world representation
[44, 46]. This includes additional information such as collision spheres, acceleration
limits, jerk limits, and default joint configurations. The robot geometry was there-
fore approximated using multiple collision spheres distributed along the arm, gantry,
and gripper, thereby reducing collision checking to distance computations that can
be evaluated efficiently on the GPU.

To make the MoveIt 2 planning scene compatible with this representation, a ded-
icated planning-scene processing node was implemented. This node transformed
collision objects from the world frame into the robot base frame before planning,
since this was the representation required internally by the cuRobo-based planner.
In this way, environment information from the MoveIt 2 planning scene could still
be used during planning, but it had to be converted into the format expected by the
GPU planner.

Planner parameters were selected based on the available GPU memory, allowing
the number of seeds and optimisation iterations to scale with the hardware. This
made it possible to use a more computationally intensive planning configuration on
GPUs with more available memory, while still keeping the planner usable on more
constrained systems.

3.4.4 GPU-Accelerated Planning with cuRobo
In addition to the MoveIt 2-based cuMotion integration, a separate cuRobo-based
planning interface was included through a ROS 2 wrapper referred to as curobo_ros.
This wrapper was not developed from scratch in this project, but was based on
the open-source curobo_ros repository from Lab-CORO [47]. The wrapper was
adapted and extended to fit the project architecture, robot model, controller setup,
and simulation environment. Two main cuRobo modes were used: MotionGen,
which generates complete trajectories before execution, and MPC, which computes
short-horizon commands repeatedly during execution [46].

The cuRobo integration was implemented around a unified planner node. This node
acted as the interface between the ROS 2 system and the cuRobo API. Planning
requests were sent to the node through ROS 2 services, while generated trajectories
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or streaming control commands were sent onward to the ros2_control controller.
The unified planner node subscribed to the current joint states of the robot and
converted these into cuRobo data structures before each planning or control step.
In this way, cuRobo could be used as an alternative planning backend while still
remaining part of the same ROS 2-based control architecture described earlier.

As described for cuMotion, cuRobo requires a planner-specific robot representation
rather than relying directly on the standard MoveIt 2 robot model [46]. For the
GPU-based planners, the URDF/Xacro description alone was not sufficient. URDF
defined the robot’s kinematic structure and geometry, but cuRobo and cuMotion
also required additional planning-specific information. This information was pro-
vided through an XRDF file, which stands for Extended Robot Description Format.
The XRDF gave the URDF extra information used by the GPU planner, such as
the planning joint order, joint limits, acceleration and jerk limits, and null-space
weights, which are weights set to influence which joint positions and motions are
preferred.

MotionGen was used as the global trajectory generation method in the direct cuRobo
integration [46]. The MotionGen solver was constructed from the cuRobo robot
configuration, the current collision world, and a set of planning parameters. These
parameters controlled the number of trajectory optimisation time steps, the number
of optimisation seeds and the number of graph seeds. The MotionGen configuration
was adapted to the available GPU memory, allowing more computationally inten-
sive settings to be used on GPUs with more available memory while keeping the
planner usable on more constrained hardware. The MotionGen solver was created
and warmed up once during node initialisation, which was for initial GPU setup
and memory allocation before the first request. After warmup, the same solver was
reused for all planning requests until shutdown. This was important because cuRobo
relies on GPU memory allocation, and repeated reinitialisation would introduce un-
necessary overhead.

The second cuRobo mode used in the project was MPC. Unlike MotionGen, MPC
did not generate a complete trajectory before execution. Instead, it repeatedly
solved a short-horizon optimisation problem from the current robot state and pro-
duced the next joint command to execute. The MPC solver was configured with
a control time step of 0.03 s and a prediction horizon of 40 steps. During execu-
tion, the planner repeatedly read the current robot state from the ROS 2 joint state
topic and converted it into a cuRobo JointState. The current goal was stored in a
cuRobo goal buffer and passed to the MPC solver. At each control step, the solver
computed an action using mpc.step. The first valid joint command was extracted
from the result, scaled by a command-speed factor, and published to the forward
position controller. This process was repeated until the target was reached or the
MPC solver failed for too many consecutive iterations.

Because MPC produces commands continuously rather than a complete time-parameterised
trajectory, it used a different execution interface from MotionGen. Before MPC ex-
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ecution, the active controller was switched from the joint trajectory controller to the
forward position controller. The MPC planner then streamed joint position com-
mands directly to the forward position controller. When MPC execution finished,
the current joint position was published as a hold command to prevent the robot
from drifting. This made the MPC mode suitable for reactive control, where the
commanded motion or the collision world could be updated during execution rather
than being fixed when the plan was first generated.

The direct cuRobo planners used a separate cuRobo collision-world representation
from the MoveIt 2 planning scene [46]. Environment objects from Isaac Sim were
converted into cuRobo collision geometry and inserted into the unified planner’s
world representation at runtime. Before a new world configuration was applied to
a solver, the corresponding collision-checking cache was cleared. MotionGen and
MPC used the same obstacle source, but maintained separate collision-checking in-
stances because their GPU buffer requirements differed. This allowed both planners
to use updated environment information while avoiding conflicts between their in-
ternal GPU collision-checking buffers.

This integration provided a GPU-accelerated planning interface alongside the MoveIt 2-
based planners. In the planner comparison, it was mainly used through MotionGen,
which generated complete trajectories before execution. The same ROS 2-based
structure also made it possible to access cuRobo’s MPC functionality. Although
MPC was not used as a separate standalone planner in the main benchmark com-
parison, this functionality became important for the later hybrid planner, where it
was used for local reactive control during execution.

3.4.5 Hybrid Planning with cuRobo MotionGen and MPC
To use trajectory generation and reactive control in the same planning pipeline,
a hybrid planning approach was implemented using MoveIt 2’s Hybrid Planning
framework [48]. The hybrid planner uses a combination of global and local plan-
ning. The global planner is responsible for generating a complete trajectory from
the start state to the goal, while the local planner is responsible for following and
adapting this trajectory during execution based on the current state of the robot and
environment. Based on the preceding planner comparison, cuRobo was selected over
the MoveIt 2-based planner alternatives because it gave the most suitable combina-
tion of planning speed, execution reliability, and trajectory quality for this project.
It was therefore used as the basis for both the global and local planning components
in the dynamic obstacle experiments.

In this setup, cuRobo MotionGen was used as the global planner to generate an ini-
tial reference trajectory, while cuRobo MPC was used as the local planner to track
and adapt this trajectory during execution. The purpose of this integration was to
combine the global planner’s ability to find a complete collision-free path with the
local planner’s ability to react to changes in the robot’s environment.
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The hybrid planner was implemented using the standard component structure pro-
vided by MoveIt 2 Hybrid Planning. This structure consists of a global planning
component, a local planning component, and a hybrid planning manager [48]. The
high-level coordination and replanning behaviour were therefore not implemented
from scratch. Instead, this project added custom adapters that connected MoveIt 2
Hybrid Planning to the cuRobo-based planning services described in the previous
section. This kept the standard MoveIt 2 Hybrid Planning architecture, while using
cuRobo MotionGen for global planning and cuRobo MPC for local planning. Fig-
ure 3.6 shows the main data flow in the hybrid planning implementation.

Hybrid Planning

Manager

Goal

CuroboGlobalPlanner

Goal

Trajectory

Local Planner

cuRobo MotionGen

Goal

Trajectory

cuRobo MPC

Waypoint

Joint cmd for
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Collision
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Request next step

for same waypoint

Retry
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Request next step

for same waypoint

No
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Goal : Pose (x,y,z, r,p,y) or Joint Configuration
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Waypoint: intermediate point on global the

trajectory

Figure 3.6: Overview of the hybrid planning flow. The global planner uses cuRobo
MotionGen to generate a reference trajectory, while the local planner samples way-
points from this trajectory and uses cuRobo MPC to produce short-horizon control
commands.

A new package, curobo_hybrid_planning_plugins, was implemented for this pur-
pose. This package contained three plugins. The first plugin, CuroboGlobalPlanner,
implements the global planning interface used by MoveIt 2 Hybrid Planning [49].
The second plugin, LookaheadSampler, implements the trajectory operator used by
the local planner [50]. The third plugin, CuroboMpcLocalSolver, implements the
local constraint solver interface, which is the component that computes the next
local motion command [51]. Together, these plugins made it possible to connect the
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MoveIt 2 hybrid planning pipeline to the existing curobo_ros unified planner node,
without changing the MoveIt 2 Hybrid Planning framework.

The global planner plugin was used for converting MoveIt 2 global planning requests
into cuRobo MotionGen requests. When a global planning request was received,
CuroboGlobalPlanner extracted the current planning group, start state, and goal
constraints from the MoveIt 2 request. It then calls the curobo_ros services for se-
lecting the appropriate planner and generating a trajectory. The plugin could send
either a joint-space target or a Cartesian pose target to cuRobo. If the MoveIt 2 goal
contained complete joint constraints, a joint-space MotionGen request was used. For
pose goals, the plugin first attempted to convert the pose into a joint-space target
using MoveIt 2 inverse kinematics. If this was not possible, the goal was instead
sent as a Cartesian pose request to MotionGen. The trajectory returned by cuRobo
was then converted back into a MoveIt 2 motion plan response.

One important detail in the global planner implementation was the handling of the
start state during replanning. In hybrid planning, replanning may be triggered while
the robot is already moving. The start state stored in the original planning request
can therefore become outdated. To reduce this problem, the global planner sub-
scribed to the current joint states used by MoveIt 2 and allowed these live values to
override old start-state values when a new global plan was generated. This helped
make sure that replanning started from the current robot configuration rather than
from an earlier state.

The local planner used the global trajectory as a reference rather than executing it
directly. The LookaheadSampler plugin was responsible for selecting a local target
from the global trajectory. During execution, it compared the current robot state
with the stored global trajectory, estimated the current progress along the path, and
selected a waypoint ahead of the robot as the next local target. This made the local
planner track the trajectory step by step, instead of always aiming directly for the
final goal. In addition to the local target, the sampler extracted a short window of
future waypoints from the global trajectory. This window was used to check whether
the upcoming part of the global trajectory was still collision-free.

The CuroboMpcLocalSolver plugin connected the MoveIt 2 local planner to the
cuRobo MPC solver. At each local planning cycle, the solver reads the current robot
state from the planning scene, receives the target selected by the lookahead sampler,
and converts this information into a request for the /unified_planner/mpc_step
service. The request contained the current robot state, the local target, and the
future waypoints used for checking the upcoming path. The MPC computation it-
self was performed inside the curobo_ros unified planner node. When a valid MPC
response was returned, it was converted into a single-step joint trajectory command
for the local planner. The global trajectory, therefore, acted as a guide path, while
the actual executed motion was produced step by step by the MPC local solver.

The MPC configuration used in the hybrid planner was slightly different from the
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standalone MPC mode described in the previous section. The same control time
step of 0.03 s was used, but the prediction horizon was reduced from 40 steps to 20
steps. This was possible because the MPC solver did not have to plan far ahead on
its own in the hybrid setup. Instead, it used the global trajectory from MotionGen
as a guide and only had to compute short local commands for tracking and adapta-
tion. This reduced the amount of short-horizon optimisation required at each local
planning step while still allowing the robot to react to changes during execution.

The hybrid planner used MoveIt 2’s replanning manager to handle invalidated tra-
jectories [48]. If the local solver detected that the current trajectory was no longer
valid, it returned feedback indicating that there was a collision ahead. This caused
the hybrid planning manager, configured with the ReplanInvalidatedTrajectory
logic, to request a new global trajectory. While waiting for the new global trajec-
tory, the local solver commanded the robot to hold its current joint position instead
of continuing to follow the invalidated path, and resumed tracking only once an
updated global trajectory had been received.
Tracking and collision checking operated over two distinct horizons. At each local
planning cycle (30 Hz), the lookahead sampler first estimated how far the robot
had progressed along the global trajectory, then selected a tracking target a fixed
number of waypoints ahead of that progress point (10 waypoints in the configuration
used). To keep the short-horizon MPC problem well conditioned, this target was
pulled back toward the robot whenever its joint-space distance from the current state
exceeded 0.45 radians, so the MPC always tracked a reachable nearby pose rather
than a distant one. Separately, the sampler attached a forward sentinel window of
up to 40 upcoming waypoints, bounded to at most 1.2 s of trajectory time ahead
and 0.8 radians of joint-space travel. These waypoints were not tracking targets,
they were forwarded to the MPC layer purely as collision probes for the path-ahead
check.
The invalidation signal could originate from several conditions in the cuRobo MPC
layer. The future-waypoint, or sentinel, checks each upcoming global waypoint for
collisions against the current cuRobo world model and flags the path as blocked as
soon as one waypoint is in collision with an obstacle. The path was also invalidated
when the MPC produced a streak of repeated infeasible steps, defined as 10 consec-
utive solves, or when it failed to make progress toward the goal. This was defined
as 25 steps without the goal error improving by more than a small threshold, while
not yet near the goal. Any of these conditions, provided the goal had not already
been reached, caused the local solver to emit a COLLISION_AHEAD feedback signal to
trigger global replanning.
The hybrid planner combined the two cuRobo modes into a single planning pipeline.
MotionGen provided a global reference trajectory, the lookahead sampler converted
this trajectory into local tracking targets and sentinel probes, and MPC generated
short-horizon commands, with 0.03 s per step, during execution. The standard
MoveIt 2 Hybrid Planning framework provided the structure and replanning coordi-
nation, while the project-specific plugins connected this framework to the cuRobo-
based planning and control services.
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3.5 Path Planners Comparison
To compare the planning algorithms, both the quality of the generated motion plans
and their usefulness during execution are evaluated. The selected criteria cover
speed, reliability, trajectory quality, accuracy, robustness, and computational cost.
Together, these metrics give a broad view of planner performance.

To ensure a fair comparison, all planners are tested using the same set of start states,
goal states, objects, and environment configurations. Each scenario is repeated mul-
tiple times in order to capture average performance and variability across runs.

Table 3.1 presents the evaluation criteria, including what is measured and how it is
measured.

Table 3.1: Evaluation criteria used to compare the planning algorithms.

Criterion What is measured

Planning Time Time from submission of a planning request until
a valid plan is returned or failure is reported

Success Rate Fraction of planning requests that return a valid
trajectory

Trajectory Duration Total execution time of the planned motion

Path Length in Joint Space Total accumulated joint motion across all joints

Cartesian Path Length of TCP Distance travelled by the tool centre point along
the trajectory

GPU Memory (VRAM) Usage Peak and average GPU memory usage during
planning and execution

CPU Usage Processor load during planning and execution

3.6 Test Automation
To evaluate the different planners, the testing was automated so that larger batches
of simulation experiments could be run in a consistent way. The purpose was not
only to simplify execution, but also to make it possible to test many scenario-planner
combinations under repeatable conditions. This was important because the evalu-
ation involved several different planner configurations, multiple task scenarios, and
repeated runs of the same setup. Manual execution would therefore have made the
testing process slower, less consistent, and more difficult to reproduce.

To enable this, Isaac Sim had to run without manual interaction through the graphi-
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cal interface. This was done through Isaac Sim’s standalone Python interface, using
the SimulationApp API in headless mode. In this mode, the simulator can be
launched without the graphical interface, while still allowing control of the simula-
tion. The automated tests could therefore start and stop the simulation, reset the
scene, and modify objects such as robot or obstacle poses between runs. This made
it possible to start each test from a known simulation state and to run experiments
without relying on manual setup inside the simulator.

The benchmark automation was organised around a master benchmark script. This
script selected which benchmark suite to run, created a timestamped output direc-
tory for the session, and wrote a file describing the selected suites, planner configu-
rations, test cases, and number of repetitions. Each benchmark suite then stored its
results and logs in a separate subdirectory. This structure made it possible to keep
the results from different benchmark sessions separated and to trace each recorded
result back to the planner, scenario, and repetition that produced it.

The benchmark suite was launched through a shell interface that allowed either
a single suite or all suites to be executed. The full benchmark mode ran three test
groups in sequence: a simple motion benchmark, a hybrid planner benchmark, and
a pick-and-place benchmark. For each run, the automation reset the simulation and
ROS 2 runtime, stopped old launch processes, started the selected planner, played
the Isaac Sim simulation, executed the selected scenario, and recorded the result.
This made sure that each planner was evaluated from a clean and comparable start
state.

The simple motion benchmark was used to test basic planner performance on isolated
robot motion goals. The same set of motion cases was run across several planner
configurations, including direct cuRobo, cuMotion, OMPL with RRT, OMPL with
RRT*, and the hybrid planner. These cases tested motions between different regions
of the workspace, such as simply moving above the crates, moving from the home po-
sition into a lower crate, moving from inside a lower crate to inside a different lower
crate, moving from a lower crate to an upper crate, and moving through narrow
gaps between lower crates. These tests were made to evaluate whether each planner
could solve harder and harder point-to-point motions in the simulated workspace,
and to record timing and failure information for each case. A visual representation
of each simple motion case is provided in Appendix A.

A separate benchmark suite was used for the hybrid planner. This suite was de-
signed to test not only whether the planner could generate an initial trajectory,
which was tested in the test just described, but also whether it could react when the
environment changed during execution. During execution, an obstacle was inserted
into the robot’s path at different distances from the robot. These ranged from early
insertion, where the TCP was around 60 cm from the inserted obstacle, to very
late insertion, where the TCP was around 2 cm from the inserted obstacle. The
benchmark first moved the robot to the start state, sent the motion goal, and then
started a parallel obstacle-spawn process. This process waited for the initial global
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trajectory, computed a suitable wall placement relative to the trajectory, monitored
the robot’s progress, and inserted the obstacle when the selected distance condition
was reached.

For the hybrid benchmark, a run was only considered successful if several condi-
tions were satisfied. The robot had to complete the motion, the obstacle had to be
spawned, and the current path had to be invalidated at least once. This verified
that the hybrid planner was actually using its replanning mechanism rather than
simply completing the original path or avoiding the obstacle by chance.

The pick-and-place benchmark was used to test the complete pipeline. This bench-
mark was run across the main planner configurations, including OMPL, cuRobo,
cuMotion, and the hybrid planner. In contrast to the simple motion benchmark,
which only tested isolated planning requests. This tested a full task sequence in-
volving object lookup, gripper control, motion planning, collision-object handling,
object attachment, transport, release, retreat, and return to the home configura-
tion. The task started by locating the target cube, opening the gripper, moving to
a pre-grasp pose, moving down to the grasp pose, suppressing the cube as a world
collision object, closing the gripper, and attaching the cube in the simulation and
planning representations. The robot then lifted the cube, moved to the drop-off
region, released the object, detached it from the robot model, restored it as a world
collision object, retreated, and returned home. A visual representation of each state
in the pick-and-place sequence is provided in Appendix B.

The testing also included failure handling during repeated runs. If a run exceeded
the configured time limit, it was marked as failed and the relevant planner logs were
saved for later inspection. The next configured run or scenario was then started
instead of leaving the experiment stalled. This made it possible to run larger exper-
iment batches with limited supervision, while still preserving failed attempts as part
of the planner evaluation. After the batch was completed, the runtime environment
was shut down in a controlled way.

This automation also provided the structure needed for data collection during the
experiments. Since each run followed the same general sequence, measurements
such as planning time, execution time, joint movement, success or failure, timeout
occurrences, replanning events, and failure reasons could be recorded in a consis-
tent way. The automated benchmark structure, therefore, formed the basis for the
quantitative comparison of the different planning approaches.

3.7 Hardware and Software Setup
All experiments were run on the same computer to make the tests as consistent as
possible. The computer had an AMD Ryzen 9 7950X3D 16-core processor, 32 GB
of RAM, and an NVIDIA GeForce RTX 4080 GPU with 16 GB of VRAM. The
operating system was Ubuntu 24.04.4 LTS with Linux kernel version 6.17.0. The
NVIDIA driver version was 580.142
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The hardware setup is important because some of the measured results depend
on the computer that was used. This includes planning time, RAM usage, GPU
memory usage, and CPU usage. Therefore, the reported timing and resource-usage
results should be seen as results for this specific test setup, and not as values that
are completely independent of the hardware.

3.8 Data Collection
Data collection was implemented as part of the automated test framework. The pur-
pose was to store the relevant results from each scenario run in a consistent format
so that the different planners could be compared after the experiments had been
completed. The framework recorded selected runtime values needed for evaluation
and wrote them to CSV files.

For each run, a recorder process was started before the scenario execution began
and stopped after the run had completed or timed out. Each run was recorded
independently, so that one execution of one scenario with one planner corresponded
to one row in the CSV file. The recorder collected information during execution and
produced a structured summary after the run. The summary was then converted
into a single row in the CSV file by the test script.

The recorder measured planning time and execution time during runtime. When a
phase-start event was received, the recorder called a monotonic runtime clock and
stored the returned value as the start time of the phase. The recorder then moni-
tored the action status messages from the trajectory execution interface. When the
active action goal entered the executing state, the recorder called the same clock
again and stored this value as the start of execution. The planning time for the
phase was calculated as the difference between the execution-start time and the
phase-start time. When the same action goal later reached a terminal state, such as
succeeded, cancelled, or aborted, the recorder called the clock once more and calcu-
lated the execution time as the difference between this value and the execution-start
time.

The TCP movement was estimated using transforms from the ROS 2 TF tree. These
transforms were published from the simulated robot state, which was updated from
the joint state information during execution. While a phase was active, the recorder
repeatedly requested the latest available transform from the world frame to the
TCP frame. The translation component of this transform gave the current Carte-
sian position of the TCP in the world frame. For each new valid position sample,
the recorder calculated the Euclidean distance from the previous sample and added
this distance to the accumulated TCP movement for the active phase. In this way,
the TCP movement was calculated as the sum of the distances between consecutive
sampled TCP positions. If a TF transform was temporarily unavailable, that sample
was skipped.

Joint movement was recorded for each phase of the automated tests. Each phase was
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defined by phase-start and phase-end messages published during the test run. The
joint movement recorder used these messages to determine which part of the test
was currently being measured. During each active phase, the recorder subscribed
to the /joint_states topic, where the current joint positions of the robot were
published. When a phase started, the latest available joint positions were stored as
the first sample. Each following joint-state message was then compared with the
previous sample. For each tracked joint, the absolute change in joint position was
added to an accumulated movement value. This gave the total movement of each
joint during the phase. The six revolute joints of the UR10e arm were reported in
degrees, while the prismatic gantry joint was reported in metres.

RAM and GPU memory usage (VRAM) were recorded using a planner resource
recorder that ran on the host system during each automated test run. The recorder
first identified the running planning container and then used docker top to inspect
the processes inside it. The relevant planner processes were selected based on the ac-
tive planner configuration, for example move_group for OMPL, curobo_trajectory_planner
for cuRobo, or the corresponding cuMotion and hybrid planning processes. For each
selected process, the physical RAM usage reported by docker top was used as the
process-level memory measurement. The values from all selected planner processes
were summed and converted from KiB to MiB.

GPU memory usage was recorded by querying nvidia-smi, which reports the
amount of GPU memory used by each compute process. The recorder matched these
GPU-memory entries against the planner process IDs found from docker top. This
meant that only the memory used by the selected planner processes was included,
while other GPU users, such as Isaac Sim, were not counted. The recorder sampled
these values at 1 Hz during the run. At the end of the run, the minimum, average,
and maximum RAM and GPU memory usage were calculated and written to the
CSV file.

To get the collision clearance for each motion phase, a separate recorder node mon-
itored the live robot collision spheres together with the currently published obstacle
geometry. The obstacle geometry was taken from the MoveIt planning scene and
from the collision markers published by the simulated environment. During an active
phase, each collision-sphere update provided the position and radius of the robot’s
collision spheres. The sphere centres were transformed to the world frame using
TF, and each valid robot sphere was compared with each currently stored obstacle.
For each robot sphere and obstacle pair, the recorder calculated a signed surface
distance. For box-shaped obstacles, this was calculated as the distance from the
center of the sphere to the surface of the obstacle, minus the radius of the sphere.
For spherical obstacles, the distance between the centre of the robot sphere and
the centre of the obstacle was calculated, and the robot sphere radius and obstacle
radius were subtracted. The smallest sampled signed distance observed during the
phase was stored as the minimum collision clearance. A positive value indicated free
space, a value close to zero indicated contact, and a negative value indicated overlap.
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For trajectory-variation analysis, the TCP pose was collected as discrete samples
at 20 Hz and written to a JSON file for each movement phase. At every sampling
step, the recorder queried the current TCP pose in the world frame from the ROS 2
transform tree, extracted the translational and rotational components of the trans-
form, and stored them together with the elapsed monotonic time since the start of
the phase. Each sample was saved as x, y, z, qx, qy, qz, and qw, producing a time-
stamped Cartesian pose trace that could later be used to compare repeated runs
and analyse variation in the executed TCP path under identical task conditions.

If a run exceeded the configured timeout, it was marked as failed. The available
measurements were still written to the CSV file, and the first incomplete or unsuc-
cessful phase was marked as failed. Relevant planner log output from failed runs
was saved separately for later inspection.

3.9 Dynamic Human Obstacle Integration

To create a more realistic simulation scenario, human movement was introduced into
the environment as a dynamic obstacle for the robot arm. This made it possible
to include human motion during planning and execution and to study the robot’s
behaviour in a shared workspace.

3.9.1 Dual-Camera Motion Capture

To generate animations of a human operator picking objects from the flow rack, mo-
tion data was recorded using a dual-camera setup in Rokoko Vision [52], a markerless
tool that reconstructs human motion in 3D from video recordings. Two RGB cam-
eras were positioned at different angles around the recording area so that the subject
could be captured from multiple viewpoints throughout the motion. A schematic
illustration of the recommended dual-camera arrangement is shown in Figure 3.7.
Rokoko recommends placing the cameras with an angular separation between 45
and 90 degrees around the capture area. In the recordings used in this work, the
cameras were positioned closer to the lower end of this range. This made it possible
for body movements that were less visible from one camera to still be observed by
the other.
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Figure 3.7: Schematic illustration of the recommended dual-camera setup for mo-
tion capture in Rokoko Vision. The figure shows a capture area with a diameter
of approximately 4 m and two RGB cameras placed around the subject at different
viewing angles. The illustration represents the general setup principle rather than
the exact camera positions used in the recordings.

Before recording, the system was calibrated using Rokoko’s checkerboard and floor
calibration marker to define the camera setup and establish a shared 3D coordinate
frame. Rokoko then estimated 2D body keypoints in each camera view and used
the combined observations to reconstruct the motion as a 3D skeletal animation.
Figure 3.8 shows an example from the recording workflow, where the two camera
views are shown on the right and the reconstructed character is shown on the left.
The resulting motion data was then exported as an FBX animation file for further
processing in Blender.
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Figure 3.8: Example from the dual-camera motion-capture workflow in Rokoko.
The two synchronised camera views used for recording are shown on the right, while
the reconstructed 3D skeletal character is shown on the left. The recorded motion
represents a picking movement intended to imitate a human operator retrieving an
object from the flow rack.

3.9.2 Character Rigging and Collision Modelling
The recorded human motion from Rokoko Vision was exported as an FBX file and
imported into Blender. FBX is a file format used for exchanging 3D content between
software tools, including mesh geometry, skeletons with joint placements, and ani-
mation data, including joint positions at each timeframe. The FBX file contained
the animated Rokoko skeleton character, which was used as the basis for the initial
humanoid representation in Isaac Sim. Blender was used to export this animated
character as a USD file, allowing the skeleton animation to be imported into the
simulation environment.

Inside Isaac Sim, the animated character skeleton was connected to a ROS 2 Action
Graph to make selected skeleton joints available as TF frames. The Action Graph
used a ROS2 Publish Transform Tree node, where the relevant skeleton prims
were added as target prims. These target prims corresponded to the joints needed
for the collision model, including the hips, thighs, shins, feet, shoulders, arms, fore-
arms, hands, neck, and head. During simulation, the node published the transforms
of these selected prims to the ROS 2 transform tree. This made the humanoid joint
positions available to external ROS 2 nodes and provided the geometric reference
for the collision approximation.

The human body was then represented using simplified collision shapes assigned
to fixed pairs of skeleton frames. The limbs were modelled as cylinders between the
corresponding frames for each body segment, for example between the shoulder and
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elbow or between the hip and knee. For each cylinder, the length was determined
by the distance between the two frames, and the orientation was aligned with the
vector connecting them. The torso was approximated by a box whose centre was
placed between the hip and shoulder frames. Its orientation was reconstructed from
the current hip-to-shoulder direction and shoulder span, so that the torso collision
object rotated with the upper body instead of remaining fixed in the world frame.
The head was represented by a sphere placed at the head frame.

These simplified collision shapes were updated continuously at 20 Hz, keeping the
collision model synchronised with the animated skeleton in real time. The resulting
collision objects were published to the MoveIt planning scene and forwarded to the
cuRobo world representation, allowing the planners to perform collision checking
against the current human pose during planning and execution.

Figure 3.9 illustrates how the animated humanoid model was converted into the
simplified collision representation used by the planners.

(a) Animated humanoid model in the
Isaac Sim environment.

(b) Simplified humanoid collision model
visualised in RViz.

Figure 3.9: Comparison between the animated humanoid model in Isaac Sim and
the corresponding simplified collision model used for planning. The Isaac Sim view
shows the visual character in the simulation environment, while the RViz view shows
the simplified collision geometry generated from the same skeleton pose.

To make the simulated human representation more realistic, a personalised Avaturn
character was later used to replace the simple white humanoid model. Avaturn is a
web-based 3D avatar creator and avatar system for games, applications, and meta-
verse environments. It allows users to create realistic avatars that represent them-
selves and customise features such as body shape, clothes, accessories, hairstyles,
shoes, and glasses [53]. In this work, a selfie was used as input to generate a human-
like character with realistic skin texture and facial appearance. The generated avatar
was imported into Blender, where the recorded Rokoko motion was retargeted to
the Avaturn character using the Rokoko Blender add-on. The animated Avaturn
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character was then exported as a USD file and imported into Isaac Sim.

Figure 3.10 shows the personalised Avaturn character standing in the final simu-
lated factory environment in Isaac Sim.

Figure 3.10: Personalised Avaturn character used as the visual humanoid model
in the Isaac Sim factory environment.
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4
Results

The results are grouped by benchmark. Each benchmark evaluates a different part
of the planning system. The simple motion benchmark evaluates isolated motion-
planning tasks, the pick-and-place benchmark evaluates the planners in a complete
workflow, and the hybrid obstacle benchmark evaluates the ability of the hybrid
planner to react to dynamic changes in the environment.

For each planner and test case, the reported metrics are success rate, planning time,
execution time, TCP movement and joint movement. For the pick-and-place bench-
mark, phase-specific results are also reported to identify where delays or failures
occur in the sequence.

Success rates are computed over all attempted runs. Timing and movement statistics
are computed only over successful runs, since failed runs may terminate early, time
out, or produce incomplete trajectories.

4.1 Simple Motion Benchmark
The simple motion benchmark consisted of a set of individual motion-planning prob-
lems. Each case defined a start and goal configuration or pose for the manipulator,
and each planner was evaluated over repeated runs. The purpose of this benchmark
was to compare the planners on isolated planning tasks before evaluating them in a
full sequence.

4.1.1 Success Rate
Table 4.1 shows the success rate for each planner and simple motion case.

Table 4.1: Success rate for the simple motion benchmark.

Case cuRobo cuMotion RRT* RRT Hybrid
between_lower_to_lower_crate 100.0% 98.7% 0.0% 0.0% 100.0%
home_to_lower_crate 98.1% 100.0% 55.8% 57.7% 100.0%
lower_to_lower_crate 100.0% 100.0% 0.0% 0.0% 100.0%
lower_to_upper_crate 100.0% 100.0% 15.4% 9.3% 73.1%
move_above_crates 100.0% 100.0% 100.0% 98.1% 100.0%
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The GPU-based planners achieved high success rates across most of the simple
motion cases. cuRobo and cuMotion solved almost all tested runs, with only small
reductions in success rate in one case each. The hybrid planner also performed well
in most cases, but had a lower success rate for the lower-to-upper crate motion.
The OMPL planners showed more variation between cases. In particular, several
cases had a low or zero success rate for the OMPL planners, which shows that these
scenarios were more difficult for the sampling-based planners.

4.1.2 Planning Time
Table 4.2 shows the planning time for each planner and simple motion case. The
values show the time spent generating a valid motion plan before execution.

The hybrid planner is not included in this table because it does not work in the
same way as the direct global planners. Instead of only generating one complete
trajectory before execution, the hybrid planner combines global planning with local
control during execution, and may also replan while the robot is moving.

Table 4.2: Planning time for the simple motion benchmark, reported as mean ±
standard deviation in seconds over successful runs.

Case cuRobo cuMotion RRT* RRT
between_lower_to_lower_crate 0.54± 0.04 4.19± 0.13 – –
home_to_lower_crate 0.52± 0.06 3.75± 0.19 10.03± 0.03 0.07± 0.05
lower_crate_to_lower_crate 0.54± 0.05 3.69± 0.16 – –
lower_crate_to_upper_crate 0.49± 0.01 3.79± 0.16 5.31± 4.07 0.13± 0.02
move_above_crates 0.36± 0.02 3.11± 0.12 10.02± 0.03 0.05± 0.03

cuRobo produced the shortest planning times among the planners that consistently
solved the simple motion cases. cuMotion also achieved high success rates, but
required longer planning times than cuRobo. The OMPL timing results varied
strongly between cases and should be viewed together with the success rates in
Table 4.1. For cases with low success rates, the reported planning time is based
on fewer successful runs and is therefore less representative of the planner’s overall
behaviour in that case. Overall, the results show that cuRobo provided the fastest
trajectory generation among the planners evaluated in this table.

4.1.3 Execution Time
Table 4.3 shows the execution time for the simple motion benchmark. This is the
time taken to execute the generated trajectory in the simulation. For the hybrid
planner, execution time also includes the behaviour of the local control process
during motion.
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Table 4.3: Execution time for the simple motion benchmark, reported as mean ±
standard deviation in seconds over successful runs.

Case cuRobo cuMotion RRT* RRT Hybrid
between_lower_to_lower_crate 5.04± 0.47 3.95± 0.05 – – 14.11± 3.25
home_to_lower_crate 4.60± 0.26 5.95± 0.17 3.01± 0.05 3.06± 0.06 18.80± 2.04
lower_to_lower_crate 3.42± 0.39 3.46± 0.03 – – 8.22± 1.57
lower_to_upper_crate 4.68± 0.49 4.31± 0.13 6.03± 2.56 7.31± 2.45 21.44± 1.85
move_above_crates 4.09± 0.22 3.24± 0.03 5.55± 0.07 5.52± 0.06 9.46± 0.58

The execution times show that cuRobo and cuMotion both produced trajectories
that could be executed quickly in the simple motion cases. cuMotion had shorter
execution times in some cases, while cuRobo was faster in others. The hybrid plan-
ner had longer execution times overall. This is expected, since the hybrid planner
executes through a local control process rather than only following a precomputed
global trajectory. For OMPL cases with low success rates, the reported execution
time is based on fewer successful runs and is therefore less representative of the
planner’s overall behaviour in those cases.

4.1.4 TCP Movement
Table 4.4 shows the total TCP movement for each planner and case. This metric
shows the Cartesian path length followed by the end effector during execution.

Table 4.4: TCP movement in meters for the simple motion benchmark, reported
as mean ± standard deviation in metres over successful runs.

Case cuRobo cuMotion RRT* RRT Hybrid
between_lower_to_lower_crate 1.3± 0.4 1.5± 0.0 – – 1.3± 0.2
home_to_lower_crate 0.9± 0.0 3.9± 0.2 0.9± 0.0 0.9± 0.0 1.3± 0.2
lower_to_lower_crate 1.1± 0.2 1.7± 0.0 – – 1.0± 0.1
lower_to_upper_crate 2.0± 0.7 1.2± 0.0 3.8± 0.8 4.7± 0.8 1.8± 0.1
move_above_crates 1.2± 0.0 1.3± 0.0 1.2± 0.0 1.2± 0.0 1.2± 0.0

The TCP movement results give information about the path quality and effective-
ness of the generated motions. Overall, cuRobo and the hybrid planner produced
TCP movements of similar magnitude in several cases, while cuMotion sometimes
produced longer Cartesian motion.

4.1.5 Joint Movements
Table 4.5 shows the total arm joint movement for each planner and simple mo-
tion case. This metric is the summed angular motion across the arm joints during
execution.
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Table 4.5: Arm joint movement for the simple motion benchmark, reported as
mean ± standard deviation in degrees over successful runs.

Case cuRobo cuMotion RRT* RRT Hybrid
between_lower_to_lower_crate 118.90± 76.04 122.94± 5.67 – – 126.13± 44.83
home_to_lower_crate 313.29± 7.38 680.71± 19.03 294.60± 1.76 284.85± 55.85 369.52± 28.59
lower_to_lower_crate 85.36± 63.93 120.45± 0.82 – – 71.31± 25.04
lower_to_upper_crate 419.29± 77.05 640.54± 2.18 893.23± 306.37 1162.69± 209.37 393.42± 7.18
move_above_crates 77.71± 0.08 507.88± 1.54 75.58± 1.52 77.65± 2.12 89.83± 8.51

The joint-movement results show clear differences in motion efficiency between plan-
ners. cuRobo and Hybrid generally required less arm-joint motion than cuMotion,
while OMPL planners had larger joint motion in the more difficult lower-to-upper
crate case. In particular, the OMPL planners produced substantially higher joint
movement for the lower-to-upper crate. For move-above-crates, cuRobo and OMPL
had similarly low joint motion, whereas cuMotion used much larger total joint move-
ments.

Table 4.6: Gantry movement for the simple motion benchmark, reported as mean
± standard deviation in metres over successful runs.

Case cuRobo cuMotion RRT* RRT Hybrid
between_lower_to_lower_crate 0.74± 0.01 0.67± 0.00 – – 0.78± 0.06
home_to_lower_crate 0.57± 0.01 0.74± 0.02 0.54± 0.01 0.53± 0.10 0.61± 0.09
lower_to_lower_crate 0.75± 0.03 0.68± 0.00 – – 0.75± 0.02
lower_to_upper_crate 0.45± 0.11 0.35± 0.02 0.84± 0.46 0.74± 0.70 0.42± 0.03
move_above_crates 1.21± 0.00 0.62± 0.00 1.20± 0.02 1.19± 0.01 1.20± 0.01

For move_above_crates, cuMotion had clearly lower gantry movement than the
other planners, but it also had much higher total arm joint movement. This shows
that lower movement in one part of the robot does not necessarily mean lower
movement overall, since the motion can be distributed differently between the gantry
and the arm joints.

4.2 Pick-and-Place Benchmark
The pick-and-place benchmark evaluated the planners in a complete manipulation
workflow. The workflow consisted of several phases: moving to a pre-grasp pose,
grasping the object, lifting the object, moving to the drop pose, releasing the object,
retreating from the drop pose, and returning home. This benchmark is more repre-
sentative of the full system behaviour than the simple motion benchmark, since a
failure in any phase can cause the full task to fail.

4.2.1 Workflow Success Rate
Table 4.7 shows the overall success rate for the pick-and-place benchmark together
with the most common failed phase for each planner.
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Table 4.7: Overall success rate and most common failed phase for the pick-and-
place benchmark.

Planner Success rate Most common failed phase
cuMotion 75.6% grasp
cuRobo 96.2% post_grasp_lift
Hybrid 80.9% post_grasp_lift
RRT 78.3% return_home
RRT* 62.0% pre_drop

cuRobo achieved the highest overall success rate in the pick-and-place benchmark,
but did not complete all runs successfully. The most common failed phase for
cuRobo was the post-grasp lift. The hybrid planner also had most failures during
post-grasp lift, while cuMotion failed most often during the grasp phase. The OMPL
planners had lower overall success rates in this benchmark, with RRT failing most
often during return home and RRT* failing most often during pre-drop.

4.2.2 Workflow Time
Figure 4.1 shows the total workflow time for the pick-and-place benchmark, divided
into global planning time, execution/control time, and remaining overhead. The
whiskers show one standard deviation of the total workflow time over successful
runs. The corresponding numerical values are provided in Appendix C, Table C.1.
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Figure 4.1: Pick-and-place workflow timing. The stacked bars show the mean
global planning time, execution/control time, and remaining overhead. The whiskers
show one standard deviation of the total workflow time over successful runs. For
the hybrid planner, global planning time is not shown because planning and control
are interleaved during execution.

RRT achieved the lowest total workflow time among the successful pick-and-place
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runs, mainly due to its very short planning time. However, this should be interpreted
together with its lower overall success rate shown in Table 4.7. cuRobo had a
higher total time than RRT, but achieved the highest overall success rate and had
substantially shorter global planning time than cuMotion and RRT*. RRT* had
the longest total workflow time, primarily because of its much longer planning time.
The hybrid planner had the longest execution/control time, which is expected since
it relies on local control during execution instead of only following a precomputed
trajectory.

4.2.3 Per-Phase Planning Time
Figure 4.2 shows the planning time for each phase of the pick-and-place workflow.
The hybrid planner is not included because its planning process is not directly com-
parable to the other planners. For cuRobo, cuMotion, RRT and RRT*, planning
time refers to the time required to generate a trajectory for a specific phase be-
fore that phase is executed. The corresponding numerical values are provided in
Appendix C, Table C.2.
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Figure 4.2: Per-phase planning time in the pick-and-place benchmark. Bars show
the mean planning time over successful phase executions, and whiskers show one
standard deviation.

The per-phase planning times show clear differences between the planners. RRT had
the shortest planning times for most phases, but this should be interpreted together
with its lower workflow success rate. cuRobo planned most phases in less than one
second, with the grasp phase being the main exception. cuMotion required several
seconds for most phases and showed relatively consistent planning times across the
workflow. RRT* had the longest planning times overall, especially during the grasp
phase.

These results show that cuRobo provided fast and reliable phase-level trajectory
generation, while RRT was faster in successful attempts but less robust over the full
workflow.
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4.2.4 Per-Phase Success Rate

Table 4.8 shows the success rate for each phase of the pick-and-place workflow.

Table 4.8: Per-phase success rate for the pick-and-place benchmark.

Planner pre_grasp grasp grasp_lift pre_drop release release_retreat return_home
cuMotion 99.5% 88.0% 100.0% 100.0% 100.0% 100.0% 86.4%
cuRobo 100.0% 100.0% 96.2% 100.0% 100.0% 100.0% 100.0%
Hybrid 100.0% 96.8% 83.5% 100.0% 100.0% 100.0% 100.0%
RRT 100.0% 100.0% 100.0% 93.3% 94.6% 98.1% 90.4%
RRT* 100.0% 100.0% 100.0% 84.0% 83.3% 94.3% 93.9%

The per-phase success rates show where the failures occurred in the workflow.
cuRobo completed most phases successfully, with failures only appearing in the
grasp-lift phase. cuMotion had reduced success during grasp and return home,
which explains its lower overall workflow success rate. The hybrid planner had its
lowest phase success during grasp lift. RRT and RRT* both completed the early
phases reliably, but their success rates decreased in later phases such as pre-drop,
release, retreat, and return home.

4.2.5 Joint and Gantry Motion

The total arm joint motion and gantry motion were measured for the pick-and-place
benchmark. These metrics give information about how much the robot configuration
changed during the full workflow. The arm joint motion describes the accumulated
motion of the six revolute arm joints, while the gantry motion describes the accu-
mulated movement of the linear gantry axis.

Figure 4.3 shows the total arm joint motion for each planner. The corresponding
numerical values are provided in Appendix C, Table C.3.
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Figure 4.3: Total arm joint motion in the pick-and-place benchmark. The markers
show the mean over successful runs, and the whiskers show one standard deviation.

The total arm joint motion shows that cuRobo produced the lowest accumulated
arm motion over the full pick-and-place workflow. The hybrid planner also pro-
duced relatively low arm joint motion, while cuMotion and RRT required more arm
movement. RRT and RRT* also had large standard deviations, which indicates
greater variation between successful runs. Figure 4.4 shows the total gantry motion
for each planner. The corresponding numerical values are provided in Appendix C,
Table C.4.
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Figure 4.4: Total gantry motion in the pick-and-place benchmark. The markers
show the mean over successful runs, and the whiskers show one standard deviation.

The total gantry motion shows a different pattern from the arm joint motion. cu-
Motion used the least gantry motion, while RRT and RRT* used the most. cuRobo
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had the lowest total arm joint motion, but did not have the lowest gantry motion.
This shows that the planners distributed motion differently between the arm joints
and the gantry axis.

4.3 Hybrid Dynamic Obstacle Benchmark
The hybrid dynamic obstacle benchmark evaluated whether the hybrid planner
could react to a new obstacle appearing during execution, and how close this ob-
stacle could be spawned in front of the robot while the planner still managed to
recover. The benchmark measured whether the robot reached the goal after the
obstacle was inserted. All results in Figure 4.5 are based on the benchmark case
move_above_crates. The number above each bar shows the number of runs in that
clearance range, and the corresponding numerical values are provided in Appendix C,
Table C.5.
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Figure 4.5: Success rate for the hybrid dynamic obstacle benchmark grouped by
robot clearance at obstacle spawn. The number above each bar shows the number
of runs in that clearance range.

The results show that the hybrid planner was able to handle the dynamic obstacle
reliably when the obstacle was inserted with sufficient clearance from the robot. For
clearance ranges of 4.5 cm and above, the planner reached the goal in all tested runs.
The success rate decreased as the obstacle was spawned closer to the robot. In the
3.5–4.5 cm range, the planner still reached a high success rate, while the success
rate dropped clearly for the 2–3.5 cm and 1.5–2 cm ranges. When the obstacle was
inserted within 0–1.5 cm of the robot, no runs succeeded.

These results show that the hybrid planner can react to dynamic changes in the
environment, but that there is a limit to how close an obstacle can appear before
successful recovery becomes unlikely.
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4.4 Humanoid Obstacle Demonstration
In addition to the repeatable dynamic obstacle benchmark, a separate demonstra-
tive test was performed with the animated humanoid model described in Section 3.9.
The purpose was to verify that the hybrid planner could also react to a more com-
plex moving obstacle, rather than only to the simplified spawned obstacle used in
the benchmark.

The demonstration used the home_to_lower_crate simple motion. During exe-
cution, the pre-recorded humanoid animation was started so that the humanoid’s
hand moved into the lower crate area and obstructed the robot arm’s planned mo-
tion. When the humanoid occupied the planned path, the robot first attempted to
adapt its motion around the obstacle. Since no feasible local motion around the
humanoid was found, the robot stopped and waited. Once the humanoid moved
away and the path became clear again, the robot continued toward the goal.

A video of the demonstration is available at https://doi.org/10.5281/zenodo.
20663252. Figure 4.6 shows a frame from this video at the moment when the
humanoid reaches into the lower crate and the robot arm has stopped.

Figure 4.6: Frame from the humanoid obstacle demonstration video. The hu-
manoid reaches into the lower crate during the home_to_lower_crate motion, caus-
ing the hybrid planner to stop the robot arm until the path becomes clear again.

This test was not included in the quantitative benchmark results as the humanoid
animation could not be introduced with the same repeatability as the simplified
dynamic obstacle. Small variations in planning time and execution behaviour could
change the relative timing between the robot motion and the humanoid animation,
making repeated runs difficult to compare reliably. The test should therefore be
interpreted as a one-off demonstration based on observed behaviour, showing that
the hybrid planner can react to a more realistic moving human obstacle.
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4.5 Resource Usage
Resource usage was measured to compare the computational cost of the different
planners. Table 4.9 shows average and maximum RAM usage, together with the
average and maximum GPU memory usage.

Table 4.9: Resource usage for the evaluated planners.

Planner RAM avg [MiB] RAM max [MiB] GPU avg [MiB] GPU max [MiB]
cuMotion 2561 2734 5621 5972
cuRobo 2319 2351 5318 5345
Hybrid 2742 2811 5498 5876
RRT 212 368 0 0
RRT* 252 380 0 0

The resource usage results show a clear difference between the OMPL planners and
the GPU-based planners. RRT and RRT* required only a few hundred MiB of RAM
and did not use any GPU memory. This makes the OMPL planners computationally
cheap and possible to run on much less powerful hardware.

In contrast, cuRobo, cuMotion, and the hybrid planner all required several gigabytes
of GPU memory and more than 2 GiB of RAM on average. The differences between
the GPU-based planners were relatively small compared with the difference between
the GPU-based planners and OMPL.
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Discussion

The planner comparison gives insight into how the different planning approaches
behaved in the simulated kitting setup. OMPL, cuMotion, and direct cuRobo were
first evaluated in static motion-planning and pick-and-place tasks, where the results
showed clear differences in planning speed, robustness, and motion efficiency. These
differences laid the ground for the use of cuRobo as the basis for the hybrid planner.

The hybrid planner was then tested on the same static motion-planning and pick-
and-place tasks, and then it was also tested on reactive behaviour during motion.
This is relevant in a shared workspace, where the robot cannot assume that the envi-
ronment will remain unchanged after a trajectory has been planned. The discussion,
therefore, focuses both on the general trade-offs between the planners and on what
the hybrid results show about reacting to dynamic changes in the workspace.

5.1 Overall Planner Performance
The comparison between the planners shows that the most important difference
was not whether a planner achieved the best value in a single metric, but how well
it balanced the different requirements of the task. For the simulated kitting envi-
ronment, the planner needed to generate motions quickly, complete tasks reliably,
and avoid unnecessarily inefficient movements. This means that the results cannot
be interpreted by looking at planning time, execution time, or movement metrics
separately. They must be looked at together with the success rate, since a fast or
efficient result is less meaningful if it only represents the subset of runs where the
planner managed to find a valid solution.

This is especially important when comparing planners with different strengths. A
planner may appear favourable in one metric, for example, by producing a short
planning time, but still be less useful for the system if it fails more often. In the
same way, a planner with a higher planning time may still be preferable if it pro-
vides more consistent task completion. The evaluation, therefore, has to be seen
as a trade-off between responsiveness, reliability, and the quality of the generated
motion, rather than as a ranking based on a single result column.

When the benchmark results are viewed together, cuRobo provided the strongest
overall balance. It combined high success rates with short planning times and gen-
erally efficient motion, without showing the same clear weakness as the other alter-
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natives. cuMotion was often successful but slower, while the OMPL planners could
be fast in successful cases but had lower success rates overall. This made cuRobo
the most suitable planner for being used in the hybrid planner.

5.2 Planning Speed Versus Robustness
The results show that planning speed alone is not enough to determine which plan-
ner is most suitable for the full workflow. RRT is the clearest example of this. In the
successful pick-and-place runs, RRT had the lowest total workflow time and a very
short global planning time. However, its overall workflow success rate was lower
than cuRobo. This means that RRT was very fast when it found a valid solution,
but it was less dependable across repeated runs of the complete task. In a practical
robotic system, this difference is important, since a failed plan can stop the work-
flow or require recovery behaviour that is not visible when only successful runs are
compared.

cuRobo showed a better balance between speed and robustness. Its successful pick-
and-place runs were slower than RRT, but it achieved the highest overall success
rate while still keeping the global planning time low compared with cuMotion and
RRT*. This suggests that a planner with slightly longer planning or execution time
can still be preferable if it avoids failures more consistently. For a full manipulation
task, reliability across all phases is often more important than achieving the shortest
planning time in the subset of runs that succeed.

The same trade-off can also be seen in the simple motion benchmark. RRT had
very short planning times in the cases where it succeeded, but several simple motion
cases had low or zero success rates for the OMPL planners. This makes the timing
values harder to interpret in isolation, since they only describe successful runs. A
low planning time is therefore not necessarily a sign of good overall performance if
the planner fails often in the same scenario.

RRT* showed a different limitation. In contrast to RRT, it did not provide very
short planning times, since it was configured to spend more time searching for or
improving a solution. However, this additional planning time did not lead to higher
overall workflow success in this benchmark. This made RRT* the least favourable
trade-off among the tested planners, since it combined long planning times with
lower workflow robustness.

The hybrid planner is more difficult to compare directly against the global planners
in terms of planning speed. Unlike cuRobo, cuMotion, RRT, and RRT*, the hybrid
planner does not only generate one complete trajectory before execution. Instead, it
combines a global trajectory with local control during execution and can also trigger
replanning if the current path becomes invalid. Its longer execution and control time
should therefore be interpreted as the cost of adding reactive behaviour, rather than
only as slower trajectory execution. This makes the hybrid planner less attractive
for static tasks where a single global plan is sufficient, but more relevant for dynamic
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environments where the robot may need to react while moving.

The difference between cuRobo and cuMotion shows that planning time depends
not only on the underlying planning algorithm, but also on how the planner is in-
tegrated into the system. Although both planners are based on the cuRobo motion
generation stack, the direct cuRobo implementation used a more direct ROS 2 in-
terface, where the CUDA-based solver setup could be initialised once and reused
across later planning requests, reducing repeated setup overhead. In contrast, this
behaviour was not exposed in the same way through the cuMotion MoveIt 2 plugin
interface. The cuMotion integration included additional MoveIt 2 request handling,
planning-scene processing, validation, and trajectory post-processing, while also pro-
viding less direct access to low-level cuRobo optimisation settings. Although this
increased planning latency, it also provided the benefits of a standardised MoveIt 2
integration, including compatibility with established planning-scene management,
action-based execution, and existing workflow components. This can be beneficial
for maintainability and compatibility within the MoveIt 2 ecosystem, but it also
reduces low-level configurability. The longer planning times observed for cuMotion
should therefore be interpreted as a consequence of MoveIt 2 integration overhead
and reduced low-level configurability, rather than as a direct limitation of the under-
lying GPU-based planner itself. For latency-critical applications, the results suggest
that a more direct cuRobo interface may be preferable because it avoids part of
this middleware overhead, provides greater control over planner configuration, and
reduces planning latency.

Overall, the results show that planner performance must be viewed as a combination
of speed and robustness. RRT was the fastest planner in successful attempts, but its
lower success rate made it less reliable for the complete workflow. RRT* had long
planning times without providing enough robustness to justify this cost. cuMotion
was robust in many simple motion cases, but its MoveIt 2 integration introduced
higher planning latency. Among the non-reactive planner configurations, cuRobo
gave the best balance in this project, since it combined a high success rate with low
planning time. This made it a suitable basis for the hybrid planner, where reactive
capability was added at the cost of longer execution and control time.

5.3 Motion Efficiency and Motion Distribution
Motion efficiency is more complex in this system than simply measuring how far
the TCP moved. Since the robot was mounted on a linear gantry, the planners
could solve the same task by distributing motion differently between the gantry
and the arm joints. This means that two trajectories with similar TCP movement
could still represent different types of robot behaviour. One planner might move
the gantry more and keep the arm posture relatively stable, while another might
keep the gantry almost fixed and instead use larger arm-joint motions. Therefore,
low TCP movement or low gantry movement does not necessarily mean that the
full robot motion is efficient. A short TCP path can still require large changes in
the arm joints, and low gantry movement can simply mean that the arm has to do
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more of the work. The TCP movement, gantry movement, and arm-joint movement,
therefore, need to be considered together.

The movement distribution is also relevant because the robot is intended to work in a
shared environment. Motions that use large arm-joint changes while the gantry stays
almost fixed can be harder for a nearby human to understand. Even if the TCP path
is short, the robot may appear to change posture in a less expected way. A motion
where the gantry and arm are used together can be easier to follow, since the whole
robot moves more clearly toward the target. This is important for a collaborative
robot, where predictable motion is part of making the system easier to work around.

The results show that the planners used the gantry and arm differently. cuMotion
often reduced the gantry movement, but this was usually accompanied by higher
arm-joint movement. This difference is likely caused by how cuRobo and cuMotion
were configured in this project, rather than by a fundamentally different motion-
generation method. In the direct cuRobo setup, the configuration allowed different
weights to be assigned to individual joints in the trajectory optimisation objec-
tive. The gantry joint was given a lower movement cost than the main arm joints,
especially the shoulder joint, which encouraged the planner to use the gantry for
positioning and avoid large arm rotations. cuMotion was used through the MoveIt
integration, where the same detailed per-joint weighting was not exposed in the
same way. With more uniform joint costs, cuMotion had less optimisation pressure
to prefer gantry motion over arm motion, so it could solve some motions by using
more arm-joint movement while keeping the gantry displacement lower. This also
helps explain why cuMotion sometimes had shorter execution times. The arm joints
have higher velocity limits than the gantry, so a trajectory with more arm motion
and less gantry motion can execute faster, even if it is not more efficient in terms
of total joint movement. The hybrid planner followed a movement pattern close to
cuRobo in several cases, which is expected because its global motion was generated
with cuRobo before being adjusted during execution.

The OMPL planners had higher variation in their movement results than the other
planners. This is likely because they are sampling-based planners, where the final
path depends on which configurations are sampled and connected during each run.
Therefore, the same start and goal can lead to different successful paths with differ-
ent amounts of gantry and arm movement. However, the two OMPL planners did
not behave identically. RRT* is also sampling-based, but it continues to improve
the path while it searches by replacing parts of the path with lower-cost connections
when possible. This can explain why RRT*, in some cases, had lower variation and
lower joint movement than RRT. The effect was still smaller for cuRobo and cu-
Motion, because their motions are shaped more directly by trajectory optimisation.
They do not only search for any valid path, but also optimise candidate motions
according to similar constraints and cost terms each time. This makes the resulting
motions more consistent when the start, goal, and environment are the same.

This shows that the planner choice affects not only whether a path is found, but
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also how the robot reaches the target. For a gantry-mounted collaborative robot,
this is important because the motion should be collision-free, consistent, and pre-
dictable for people working nearby. A planner that reduces one movement value
by increasing another can give a misleading impression of efficiency. This is why
the movement results support the same conclusion as the timing and success-rate
results. cuRobo gave the most suitable overall behaviour because it balanced these
trade-offs better than cuMotion and the OMPL planners.

5.4 Full-Workflow Evaluation and Failure Modes
The pick-and-place benchmark showed why it was important to evaluate the plan-
ners in a complete workflow and not only on isolated motion-planning problems. The
simple motion benchmark tested whether a planner could solve individual point-to-
point motions, which was useful for comparing basic planning capability. However,
a full pick-and-place task depends on more than a single valid trajectory. The robot
must move to the object, perform the grasp, update the planning scene, attach the
object to the robot model, lift the object, move to the drop location, release the ob-
ject, update the collision representation again, retreat, and return home. A failure
in any of these phases causes the full task to fail, even if the planner is able to solve
many of the individual motions.

This means that the pick-and-place benchmark evaluated the complete planning
and execution pipeline rather than only the path planner itself. Some failures may
therefore have been caused by the planner being unable to find a valid trajectory,
while others may have been related to the surrounding task logic, such as grasp ex-
ecution, object attachment, or adding and removing objects in the planning scene.
This makes the benchmark more representative of a practical robotic system, where
the planner has to work together with gripper control, collision-object handling, and
execution logic.

An interesting result was that the OMPL planners performed better in the pick-
and-place workflow than in several of the simple motion benchmark cases. In the
simple benchmark, the motions required the planner to solve one larger point-to-
point problem, for example, moving directly from inside one crate to inside another
crate. In the pick-and-place workflow, the task was instead divided into several
shorter phases with intermediate waypoints. This likely made the problem easier
for the sampling-based planners, since each planning request covered a smaller part
of the total motion. The results show that sampling-based planners can still be
useful when the task is made into shorter and more guided segments, even if they
struggle with some longer or more constrained point-to-point plans.

The phase-specific results also showed that the overall workflow success rate alone is
not enough to understand the behaviour of each planner. Different planners failed
in different parts of the task. cuRobo achieved the highest overall success rate, but
its remaining failures occurred during the grasp-lift phase. The hybrid planner also
had its lowest success rate during grasp lift. cuMotion mainly failed during grasp
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and return home, while RRT and RRT* completed the early phases reliably but had
reduced success in later phases such as pre-drop, release, retreat, and return home.
These results show that the planners were not failing randomly, but were sensitive
to different parts of the workflow.

The grasp and grasp-lift phases are especially sensitive because the robot is close to
the object, the gripper, the crate, and the surrounding environment. In addition,
the collision representation changes when the object is removed as a world object
and attached to the robot. This can make the following lift motion more difficult,
since the planner must now account for the grasped object as part of the robot.
These phases also required several system-level updates to happen in the correct
order, including gripper commands, object attachment in the simulation, removal
of the object from the world collision representation, and updating the planning
representation. As a result, some pick-and-place failures may not have been caused
by the planner itself, but by timing or logic errors in the surrounding task execution
pipeline. This shows that the pick-and-place benchmark evaluated the complete
system integration, not only the motion-planning algorithm.

Later phases, such as pre-drop, release, retreat, and return home, introduced similar
difficulties. At this point, the robot is moving from a state where the object has just
been detached from the robot and restored as a collision object in the environment.
These transitions again required several parts of the system to be updated consis-
tently, and small errors in this sequence could affect the following planning request
or execution phase.

Overall, the pick-and-place benchmark showed that planner performance should not
only be tested from isolated planning requests. The full workflow shows interactions
between planning, execution, grasping, and collision-scene updates that were not
shown in the simple motion benchmark. It also showed that breaking a task into
intermediate phases can improve the behaviour of sampling-based planners. For
this reason, the full workflow benchmark was necessary for understanding how the
planners behaved as part of the complete system.

5.5 Hybrid Planning for Dynamic Obstacles
The dynamic obstacle benchmark shows that the hybrid planner added a capability
that the direct global planners could not provide in the same way. Instead of treating
the planned trajectory as fixed after execution started, the hybrid approach allowed
the system to react when the environment changed. This is important because the
benchmark intentionally created a situation where the original path became invalid
during motion. The relevant result is therefore not only that the planner could gen-
erate a path, but that it could recover after the planned motion was disturbed. This
shows that reactive planning can improve the robot’s ability to continue operating
in a changing workspace, but only when the change is detected early enough for the
system to respond.
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The clearance results show that this recovery depended strongly on how much mar-
gin remained when the obstacle was inserted. Since every successful run required the
obstacle to invalidate the current path, the difference between the clearance ranges
is not whether the obstacle blocked the trajectory. The difference is how much space
and time remained after the path was invalidated. In the 0–1.5 cm range, no runs
succeeded. At this distance, the obstacle was inserted so close to the robot that
there was almost no usable margin left. Even if the invalid path was detected, the
system still needed time to interrupt the invalidated motion, update the command,
and, when needed, request a new global trajectory. With this little clearance, that
response came too late.

The 1.5–2 cm range shows the beginning of the recovery limit. The success rate
increased to 30.0 percent, which means that recovery was possible in some runs, but
still unreliable. This suggests that the system was operating close to the minimum
clearance needed for the hybrid pipeline to react. In this range, small differences in
the robot state, obstacle placement, and where the obstacle intersected the checked
part of the path could affect whether recovery was possible.

In the 2–3.5 cm and 3.5–4.5 cm ranges, the success rate increased to 70.6 percent
and 94.6 percent. These ranges show that the hybrid planner was not only detecting
that the path was invalid, but also had enough margin in many runs to respond be-
fore the robot came too close to the obstacle. The improvement across these ranges
indicates that the planner needed both spatial clearance and enough execution time
for path checking, command updates, and possible replanning to take effect. The
increase from 70.6 percent to 94.6 percent also shows that the transition was grad-
ual rather than immediate. The planner did not suddenly become reliable as soon
as some clearance was available. Instead, each increase in clearance made recovery
more likely.

The clearance dependence is important because the transition to complete success
happened at a very small distance. From 4.5 cm and above, all runs succeeded,
which is a strong result for a moving obstacle inserted during execution. At this
distance, the planner had only a limited physical margin, yet it was still able to
detect that the current path was invalid, update the motion, and continue toward
the goal. This shows that the hybrid planner was able to react effectively even when
the obstacle appeared close to the robot. At the same time, 4.5 cm should not be
interpreted as a general safety margin. If the robot and obstacle are moving relative
to each other, a few centimetres can disappear quickly, and the available reaction
time depends strongly on the current robot speed, obstacle speed, controller update
rate, and detection latency. The result is therefore surprisingly good as a benchmark
outcome, but it should still be understood within the controlled conditions of the
simulation.

The results show both the strength and the practical limitation of the hybrid plan-
ner. The planner was able to recover from an invalidated path with very little
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clearance, which shows that reactive planning can add meaningful execution-time
adaptability. However, it cannot remove the need for margins around the robot.
In this benchmark, the obstacle was inserted directly into the simulated planning
scene, so the planner received a clean and immediate representation of the changed
environment. In a real system, the obstacle would first have to be detected by sen-
sors, its position would have to be estimated, and the planning scene would have
to be updated before the planner could react. This would reduce the effective time
and distance available for recovery.

5.6 Cost of Reactive Planning
The longer execution and control time of the hybrid planner should be interpreted
as the cost of adding reactivity to the system. This was expected, since the hybrid
planner does not only execute a precomputed trajectory, but also keeps evaluating
whether the motion is still valid during execution. The important point is not that
the hybrid planner was simply slower, but that the additional time was connected to
the same mechanism that allowed it to recover in the dynamic obstacle benchmark.

This creates a clear trade-off. In a static environment, where the original trajectory
remains valid, the reactive part of the hybrid planner mainly becomes overhead. In
such cases, a direct planner such as cuRobo is more efficient because it can gener-
ate and execute the motion without the same execution-time checks. The hybrid
planner is therefore not the best choice if the task is fully known in advance and the
main objective is to minimise execution time.

In a dynamic workspace, however, the interpretation changes. If the robot is oper-
ating near humans or moving objects, it is not enough to execute a trajectory that
was valid before motion started. The system also needs a way to react when that
trajectory becomes invalid during execution. The extra execution time is therefore
part of what makes this possible. Without this additional checking and response
mechanism, the direct planners would continue to rely on a trajectory that was
planned before the obstacle appeared, and therefore could not handle the newly
introduced obstacle in this benchmark setup.

The cost of reactive planning should therefore be understood as a necessary cost
for this type of behaviour. For static tasks, the added execution time is mostly
unnecessary. For dynamic or collaborative tasks, it is required that the robot should
be able to respond to humans or moving objects after execution has started. This
makes the hybrid planner less efficient in simple static cases, but more suitable when
the workspace can change during motion.

5.7 Implications for Human-Robot Collaboration
The dynamic obstacle results are especially relevant for human-robot coexistence
because they show that reactive motion planning can allow the robot to continue
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operating when the workspace changes during execution. In a shared workspace,
the robot cannot assume that the environment will remain fixed after a trajectory
has been planned. A human may reach into the workspace, move close to the robot,
or enter the planned path while the robot is moving. The hybrid planner showed
that the robot could respond to this type of change in simulation, and the fact that
it reached complete success from a clearance of only 4.5 cm makes the result partic-
ularly relevant for dynamic workspaces.

The humanoid obstacle demonstration strengthens this result by showing that the
reactive behaviour was not limited to an artificial benchmark object. In that test,
the hybrid planner responded to a moving humanoid collision model during the
home_to_lower_crate motion, stopped when the lower crate area was occupied,
and continued once the path became free again. This is an important step toward
more realistic human-robot coexistence, since the obstacle was no longer only a
simple spawned shape but part of an animated humanoid model integrated into
the simulated workspace. The demonstration therefore shows that the implemented
pipeline can connect humanoid animation, collision representation, planning-scene
updates, and reactive hybrid planning into one working system.

At the same time, these results should not be interpreted as a complete human-robot
safety solution. Both the benchmark obstacle and the humanoid demonstration were
performed in simulation, where the obstacle representation was available directly to
the planning system. In a real collaborative workspace, the system would first need
to detect the human or object with sensors, estimate its position, convert it into a
suitable collision representation, and update the planning scene before the planner
could react. This means that the available margin in a real system would depend not
only on the hybrid planner, but also on the perception and scene-update pipeline
around it.

This is especially important for human obstacles, where the relevant question is not
only where the human is now, but where the human is likely to move next. If the
system only reacts after a human has already entered the planned path, the available
clearance may be too small for a real system, even if the planner itself can respond
quickly in simulation. In physical deployment, additional delays and uncertainties
could be introduced by sensor measurements, perception processing, planning-scene
updates, controller response, and possible tracking errors in the robot joints. These
effects may reduce the effective reaction margin compared with the idealised simu-
lation case. Human-motion prediction could therefore be an important extension,
since it may allow the robot to account for likely future human motion before the
human has already entered the planned path.

Speed adaptation could also be added as an early response in a real collaborative
system. If a human is detected at a larger distance, the robot could reduce its speed
before the person reaches the planned path or enters the closest workspace region.
This would give the system more time to update the planning scene and allow the
reactive planner to respond with a larger remaining margin. The clearance results
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support this, since the hybrid planner recovered more reliably when there was more
distance available after the path became invalid.

5.8 Computational Cost and Deployment Consid-
erations

The resource usage results show that computational cost is an important part of the
planner comparison. The clearest difference was between the GPU-based planners
and the OMPL-based planners. RRT and RRT* required only a few hundred MiB
of RAM and did not use GPU memory, while cuRobo, cuMotion, and the hybrid
planner all required more than 2 GiB of RAM on average and several GiB of GPU
memory. This means that the GPU-based planners require more powerful hardware,
while the OMPL planners can run on much simpler systems.

The differences between the GPU-based planners were relatively small compared
with the difference between GPU-based planning and OMPL. cuRobo, cuMotion,
and the hybrid planner all used a similar amount of GPU memory, with average GPU
memory usage around 5–6 GiB. This suggests that the main deployment question
is not whether cuRobo, cuMotion, or the hybrid planner is slightly more memory
efficient, but whether the application can justify the use of a GPU-based planning
system at all. For systems with limited hardware resources, the OMPL planners are
easier to deploy and maintain, since they do not require GPU memory or CUDA-
dependent planning components.

However, the OMPL planners were computationally cheap, but they also had lower
success rates in several benchmark cases. RRT showed very short planning times
when it succeeded, but its lower robustness makes it less suitable for difficult tasks
where repeated failures would interrupt the workflow. In contrast, the GPU-based
planners required more hardware resources, but provided higher success rates and
more reliable behaviour in the more constrained planning problems. This creates a
trade-off between hardware cost and task performance.

For practical deployment, the choice of planner should therefore depend on the
difficulty of the task and the available hardware. In simpler or more structured en-
vironments, an OMPL-based planner may still be sufficient and attractive because of
its low computational requirements. In more constrained or dynamic environments,
the additional cost of GPU-based planning may be justified by improved planning
reliability, faster trajectory generation, and the possibility of reactive behaviour.
This is especially relevant for human-robot collaboration, where the robot may need
to respond to changes in the workspace during execution rather than only execute
a precomputed trajectory.
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5.9 Limitations
The main limitation of this work is that all experiments were performed in simula-
tion and used ground-truth information from the simulated environment. This was
useful for comparing the planners under controlled conditions, since the same scenes,
objects, robot states, and obstacle configurations could be reused across many runs.
It also made it possible to isolate differences between planners without adding un-
certainty from perception or hardware behaviour. However, this means that the
results should be interpreted as simulation results rather than direct proof of real
robot performance.

In a real system, the robot would not have perfect knowledge of the workspace.
Objects, humans, and obstacles would have to be detected and tracked using sensors,
and this information would then have to be converted into collision objects for the
planners. This would introduce additional sources of uncertainty, such as sensor
noise, calibration errors, delayed measurements, and simplified obstacle geometry.
These effects could affect both the success rate of the planners and the ability of the
hybrid planner to react in time to dynamic obstacles.
Real hardware would also introduce effects that were not fully captured in the sim-
ulation, such as controller tracking errors, joint behaviour, vibration and contact
dynamics. Even though the simulation does a good job of simulating this, it is not
perfect. Further testing on physical hardware would therefore be needed to evaluate
how well the results transfer to a real human-robot collaboration setting.

This does not make the comparison invalid, but it limits what can be concluded from
it. The simulation results are still useful for showing relative differences between
the planners in the tested setup. For example, the results show which planners
were faster, more successful, or produced more consistent motion under the same
conditions. What they do not show is how much of this performance would trans-
fer directly to a physical system. A planner that works well in simulation may still
need additional tuning on hardware, especially when small clearances, grasping, and
collision checking are involved.

The dynamic obstacle benchmark also had a limited scope. It tested one controlled
type of obstacle insertion during a specific motion, which made it possible to study
the effect of clearance in a clear way. This means that the results should not be
generalised to all possible human movements. A person in a real workspace may
approach from different directions, move at different speeds, stop unexpectedly, or
only partially enter the robot workspace. The benchmark shows that the hybrid
planner can recover in the tested dynamic scenario, but it does not cover the full
range of situations that could occur in human-robot collaboration.

Another limitation is that the benchmark results are specific to the computer and
software environment used in this project. Planning time, execution time, resource
usage, and in some cases even success rate can be affected by the CPU, GPU, avail-
able memory, driver setup, and planner configuration. This is especially relevant
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for the GPU-based planners, since their performance depends strongly on the avail-
able GPU resources. A computer with lower computational capacity could lead to
longer planning times, slower replanning, higher risk of timeouts, or reduced success
rates under the same benchmark settings. The measured values should therefore
be interpreted as results for the tested hardware and software setup, not as fixed
performance values for the planners in general. However, the results still provide a
useful comparison within this setup, since all planners were evaluated on the same
hardware and under the same benchmark conditions.

The planner settings also affect the interpretation of the results. Parameters such as
planning time limits, trajectory optimisation weights, joint weights, collision mar-
gins, and replanning behaviour influence the balance between success rate, planning
time, and motion efficiency. The results compare the planners as they were config-
ured in this project. A different tuning strategy could change some of the numerical
results, although it would likely also introduce new trade-offs. For example, increas-
ing planning time may improve the success rate in some cases, while stricter collision
settings may reduce the success or increase computation time.

These limitations mean that the results should be seen as a controlled compar-
ison within the simulated kitting environment, rather than a final validation for
deployment. The tests show clear trends in planner behaviour and demonstrate
that reactive planning is possible in the tested setup. However, stronger conclusions
about real collaborative operation would require hardware experiments, more varied
dynamic-obstacle scenarios, and further tuning under real execution conditions.
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This thesis developed and evaluated a simulation-based system for studying motion
planning in robotic kitting tasks. The system combined ROS 2, Isaac Sim, MoveIt 2,
and several motion-planning frameworks in a containerised architecture. A simu-
lated industrial workspace was created with a gantry-mounted UR10e robot arm, a
Robotiq gripper, a flow rack, crates, static collision objects, and dynamic obstacles.
The result was an integrated platform where different planning approaches could be
tested under repeatable conditions.

The work compared sampling-based planning with OMPL, GPU-accelerated plan-
ning with cuMotion and cuRobo, and a hybrid planning approach based on cuRobo
MotionGen and MPC. The planners were evaluated using simple motion bench-
marks, complete pick-and-place workflows, resource measurements, and a dynamic
obstacle benchmark. This made it possible to study both isolated planning perfor-
mance and the behaviour of the planners when they were used as part of a larger
robotic task.

The results showed that direct cuRobo planning gave the best overall performance in
the static benchmark cases. It achieved high success rates, short planning times, and
efficient motions compared with the other tested planners. cuMotion also performed
well in terms of success rate, but generally had longer planning times, likely because
it was used through the MoveIt 2 planning pipeline. The OMPL-based planners
were much cheaper in terms of computational resources and did not require GPU
memory, but they were less robust in several of the tested cases. This shows that
GPU-accelerated planning can be a strong option for constrained tasks, especially
when fast planning and high reliability are important.

The pick-and-place benchmark showed that full workflow evaluation is important.
Even if a planner performs well for individual motions, a complete manipulation
task introduces additional difficulties. These include grasping, lifting, attaching and
detaching objects, updating the collision scene, and moving from constrained con-
figurations. Some failures were therefore not only related to the planning algorithm
itself, but also to the interaction between planning, object handling, collision up-
dates, and execution logic. This highlights the importance of testing planners in
complete task workflows and not only in isolated motion-planning cases.

The hybrid dynamic obstacle benchmark showed that the implemented hybrid plan-
ner could react to changes in the environment during execution. This reactive
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behaviour was also demonstrated with the animated humanoid model. When an
obstacle appeared with enough clearance in front of the robot, the system was able
to invalidate the current path, replan, and still reach the goal. However, when
the obstacle appeared too close to the robot, the system had less time and space
to recover, which reduced the success rate. This shows that hybrid planning is a
promising approach for dynamic environments, but that its performance depends
strongly on detection timing, available clearance, local control behaviour, and re-
planning speed.

Overall, the thesis shows that simulation is a useful method for developing and
evaluating robotic motion-planning systems before real-world deployment. The im-
plemented platform made it possible to compare different planning methods, study
their strengths and weaknesses, and test dynamic obstacle handling in a safe and
repeatable way. The results suggest that GPU-accelerated planning, especially di-
rect cuRobo planning, is well-suited for constrained kitting-related robot motions.
The hybrid planner also showed potential for human-robot collaboration scenarios
where the robot must react to changes during execution.

All experiments were performed in simulation, and the system was not validated on
physical hardware. A simplification was that the system used ground-truth infor-
mation from the simulation for the robot, obstacles, and environment state. This
made it possible to evaluate the planning methods under controlled and repeat-
able conditions, but it does not represent the uncertainty and delay that would be
present in a real system. In a physical setup, this information would instead need
to come from perception systems, such as cameras, depth sensors, object detection,
human tracking, and state estimation. The humanoid actor and collision models
were also simplified, and the dynamic obstacle scenarios only represented selected
cases. The results should therefore be seen as an evaluation of the implemented
simulation system and planner configurations, rather than a complete proof of real-
world performance.

6.1 Future Work
Future work should include more dynamic obstacle benchmarks so that the hybrid
planner is tested under less controlled conditions. The current benchmark was useful
because it isolated the effect of obstacle clearance and made the recovery behaviour
easier to interpret. However, human-robot collaboration is not usually defined by
one clean obstacle insertion. A person may move near the robot for a period of time,
enter and leave the workspace, change direction, or move only part of the body into
the robot’s path. Testing the planner more with recorded human motions would
therefore give a better understanding of whether the hybrid planner can handle
continuous changes in the workspace, not only one isolated path invalidation. This
would also make it possible to evaluate the planner in situations where the robot
has to react more than once during the same task. In the current benchmark, the
main question was whether the system could recover after the path became invalid.
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In a more realistic collaborative scenario, the robot may need to adapt repeatedly
during the same task.

A perception system would also be an important extension. In this project, the
obstacle was inserted directly into the planning scene, which was useful for testing
the planner’s response itself. However, this removes one of the main difficulties in a
real system. The robot would not automatically know the state of the surrounding
environment. It would need to detect relevant objects, estimate their positions, and
update the planning scene before the planner could react. Adding this to the simu-
lation would make the benchmark more realistic and would show how much delay or
uncertainty the hybrid planner can tolerate before the recovery performance starts
to decrease.

Prediction could also improve the usefulness of the reactive planner. The current sys-
tem reacts when the planned path becomes invalid, but in a collaborative workspace,
it would be better if the robot could respond before the human is already close to
the path. If the system can estimate where a person is moving, the robot could
slow down, wait, or choose another path earlier. This would shift the behaviour
from only reacting to a blocked path toward avoiding critical situations before they
occur.

Real robot testing would be another important step, as it would show how much
of the simulation behaviour transfers to the physical system. In simulation, the
robot model, object positions, and collision geometry are idealised. On the hard-
ware side, small calibration errors, controller-tracking differences, joint behaviour,
and timing delays can affect how closely the executed motion follows the planned
trajectory. This is especially relevant for the hybrid planner, since its recovery be-
haviour depends on reacting during execution. Hardware testing would therefore
make it possible to evaluate whether the planner comparison remains valid when
the robot is affected by real execution errors and physical system delays.
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A
Simple Motion Cases

This appendix shows the start and goal positions used in the simple motion cases.

Start position Goal position

Figure A.1: Between lower to lower crate.

Start position Goal position

Figure A.2: Home to lower crate.
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A. Simple Motion Cases

Start position Goal position

Figure A.3: Lower to lower crate.

Start position Goal position

Figure A.4: Lower to upper crate.

Start position Goal position

Figure A.5: Move above crates.
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B
Pick-and-Place Phases

This appendix shows the robot positions used for the different phases of the pick-
and-place benchmark.

Figure B.1: Home position.

Figure B.2: Pre grasp position.
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B. Pick-and-Place Phases

Figure B.3: Grasp position.

Figure B.4: Grasp lift position.

Figure B.5: Pre drop position.
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B. Pick-and-Place Phases

Figure B.6: Release position.

Figure B.7: Release retreat position.

Figure B.8: Return home position.
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B. Pick-and-Place Phases
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C
Detailed Result Tables

Table C.1: Pick-and-place workflow timing, reported as mean± standard deviation
in seconds over successful runs.

Planner Total time Global planning time Execution/control time
cuMotion 53.02± 1.36 22.63± 0.71 18.41± 1.01
cuRobo 42.80± 4.39 5.16± 1.55 26.80± 4.01
Hybrid 67.32± 11.47 – 52.27± 10.91
RRT 29.37± 5.41 0.91± 0.36 16.27± 5.18
RRT* 106.40± 12.07 77.13± 8.73 15.63± 4.62

Table C.2: Per-phase planning time in the pick-and-place benchmark, reported as
mean ± standard deviation in seconds over successful phase executions.

Planner pre_grasp grasp grasp_lift pre_drop release release_retreat return_home
cuMotion 3.81± 0.2 4.15± 0.2 4.13± 0.3 3.43± 0.2 3.24± 0.2 3.77± 0.2 0.07± 0.1
cuRobo 0.46± 0.1 2.40± 1.5 0.53± 0.4 0.48± 0.1 0.50± 0.1 0.45± 0.1 0.37± 0.1
RRT 0.04± 0.1 0.13± 0.1 0.05± 0.1 0.27± 0.2 0.34± 0.3 0.07± 0.1 0.04± 0.1
RRT* 10.02± 0.1 20.01± 0.1 10.02± 0.1 13.87± 6.4 14.26± 4.9 8.89± 4.2 0.04± 0.1

Table C.3: Total arm joint motion in the pick-and-place benchmark, reported as
mean ± standard deviation in degrees over successful runs.

Planner Total arm joint motion [deg]
cuRobo 1405.89± 376.05
cuMotion 1953.34± 163.02
Hybrid 1501.08± 323.78
RRT 1955.54± 1044.32
RRT* 1755.64± 889.33
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C. Detailed Result Tables

Table C.4: Total gantry motion in the pick-and-place benchmark, reported as
mean ± standard deviation in metres over successful runs.

Planner Total gantry motion [m]
cuRobo 1.57± 0.31
cuMotion 1.30± 0.27
Hybrid 1.72± 0.18
RRT 1.85± 0.79
RRT* 1.84± 0.78

Table C.5: Success rate for the hybrid dynamic obstacle benchmark grouped by
robot clearance at obstacle spawn.

Clearance range Runs Success rate
0–1.5 cm 19 0.0%
1.5–2 cm 10 30.0%
2–3.5 cm 17 70.6%
3.5–4.5 cm 37 94.6%
4.5 cm and above 63 100.0%
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