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Chapter 1

Introduction

Material acceleration platforms (MAPs) are an emerging paradigm for accelerating
materials discovery in an effort to develop technological solutions that can help
mitigate or address climate change issues. These platforms enable autonomous ex-
perimentation by combining arti�cial intelligence (AI), robotic systems, and high-
performance computing (HPC). [22] In this thesis, the current state of MAPs and
their potential applications for autonomous mobile manipulators are examined.
Discussing the opportunities and challenges associated with integrating MAPs
with autonomous mobile manipulators.

1.1 Material Acceleration Platforms (MAPs)

MAPs are systems that use AI to design, execute, and analyze experiments for the
purpose of materials discovery [7]. They can automate the entire work�ow of ma-
terials research, from generating hypotheses and selecting candidates to synthesiz-
ing and characterizing materials, evaluating and optimizing their properties [14].
In addition to learning from data and feedback, MAPs can adjust their strategies
accordingly [7]. MAPs aim to reduce the time and cost of materials development
and enable new discoveries beyond human intuition [14].

As seen from the �gure 1.1 MAPs are a multidisciplinary approach that aims to
accelerate material discovery and optimize it by integrating human expertise, AI
models, high-performance computing, databases, robotic platforms, and orches-
trator software.

1
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Figure 1.1: Main areas required to enable MAPs, that are comprised of human intuition, arti�cial in-
telligence models employing machine learning for inverse design and chemical exploration, collected
databases for high-quality data, robotic platforms for automated experiments, and orchestrator soft-
ware to facilitate communication between modules. [7].

Robotic platforms will be the primary technological focus of this thesis.
MAPs include robotic platforms as a vital component. These systems use au-

tomation and high-throughput techniques to conduct a large number of experi-
ments in a short amount of time, allowing the screening of a vast chemical space
in search of new materials [7].

In MAPs, robotic platforms can be utilized for a variety of tasks, including
experiment preparation, automated synthesis, and characterization of materials
with high precision and ef�ciency. These systems can be programmed to operate
autonomously, conducting experiments around the clock without human interven-
tion. By automating these tasks, researchers can rapidly screen a vast number of
materials and conduct experiments that would be impractical or time-consuming
to conduct manually. In addition to reducing human errors and biases, they can
also improve experiment safety and scalability.
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Robotic platforms can also enable the development of closed-loop systems, in
which experimental results are fed back into the design process to continuously
re�ne the search for new materials. This strategy can lead to the creation of materi-
als with highly optimized properties, such as strength, conductivity, and durability
[22].

1.2 Autonomous Mobile Manipulators

This thesis focuses on the potential implementation of autonomous mobile manip-
ulators for MAPs. In this section, a brief introduction to AMMs and potential MAP
use cases will be provided.

Autonomous mobile manipulators are robots that can navigate their environ-
ment and manipulate objects without human intervention. They use cameras, sen-
sors, arti�cial intelligence, and machine vision to autonomously navigate through
uncontrolled environments and perform a variety of tasks. In MAPs, autonomous
mobile manipulators can perform tasks such as sample preparation, conducting
experiments, and collaborating with human researchers. These tasks are necessary
for exploring the vast space of potential materials and discovering novel materi-
als with desirable properties. By employing autonomous mobile manipulators in
MAPs, the advancement of materials research can be achieved in terms of produc-
tivity, precision, �exibility, scalability, safety, and innovation.

1.3 Motivation

One of the primary goals of MAPs is to reduce the time and cost of materials dis-
covery for clean energy applications such as solar cells, batteries, catalysts, and
thermoelectrics [22]. According to a report by Mission Innovation, it takes an aver-
age of 10–20 years to commercialize a new material for clean energy after its initial
discovery [17]. This is too slow and costly to meet the pressing global challenges of
energy security and environmental sustainability. Using data-driven methods that
can explore large and complex design spaces more ef�ciently and intelligently than
conventional approaches, MAPs aim to reduce this duration by orders of magni-
tude [14, 7]. A further purpose of MAPs is to increase the safety and reliability
of materials research by automating dangerous or tedious tasks that are prone to
human error or fatigue [14]. MAPs can, for instance, handle toxic or �ammable
chemicals, perform high-throughput synthesis and characterization, monitor ex-
perimental conditions and outcomes in real-time, and ensure data reproducibility
and traceability [14, 7]. By assigning these tasks to machines, human researchers
can concentrate on more creative and strategic aspects of materials discovery.
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As part of The Pioneer Center for Accelerating P2X Materials Discovery (CAPeX) 1,
researchers and students from Aalborg University aim to contribute to the CAPeX's
overall goal of revolutionizing the new material discovery over the next 12 years.
Therefore, the aim of this thesis is to contribute to such a case by proposing an
autonomous mobile manipulator system design in a simulated laboratory setting.

1.4 Challenges

MAPs have great potential for accelerating the discovery and development of new
materials. However, they must overcome a variety of challenges in order to do so.

The availability and quality of data is a major challenge. To develop accurate
models and predictions, MAPs rely heavily on data, but the quality and availability
of data can be a serious obstacle. Inaccurate models and prediction can result from
insuf�cient, inconsistent, or biased data. [24]

Another dif�culty in MAPs is integrating computational and experimental meth-
ods. While MAPs aim to effectively predict material properties, they must be com-
bined with experimental methods in order to validate predictions and optimize
materials. Close collaboration between computational and experimental teams is
required, which can be dif�cult in some organizations. [13]

In addition to these challenges, integrating autonomous mobile manipulators
into MAPs presents a number of new ones. One such challenge is navigation and
obstacle avoidance. Such systems must be able to navigate complex environments
safely while avoiding obstacles, which requires the use of advanced algorithms,
sensors and path planing strategies.

Objects can be challenging to manipulate, particularly if they are fragile, have
complex geometries, or are transparent. Therefore, autonomous mobile manipula-
tors must be designed to perform diverse manipulation tasks while ensuring the
safety of the materials. If the object to be manipulated is in liquid form and must be
transported in a chemical �ask, the mobile manipulator must be extremely stable
to prevent chemical spillage.

In order to optimize their performance, mobile manipulators may be required
to collaborate with other robots or humans, and must be able to effectively coordi-
nate their actions.

Implementation of autonomous mobile manipulators present a set of challenges
that must be addressed through the application of advanced technologies, algo-
rithms, and design strategies. By overcoming these challenges, the mobile manip-
ulators can provide a �exible and effective solution to material handling in the
laboratory setting.

1https://www.dtu.dk/capex
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1.5 Initial Problem Formulation

Given the aforementioned information, the initial problem statement that will
guide the project's problem analysis is as follows:

What are the applications of autonomous mobile manipulators in Material Acceleration
Platforms (MAPs), and how should such a system be designed?



Chapter 2

Problem Analysis

This chapter addresses the initial problem formulation and provides insights into
the autonomous mobile manipulator system. To achieve this, the chapter conducts
a detailed analysis of the system's components, dividing it into two subsystems.

Additionally, this chapter explores related works and examines the potential
applications of mobile manipulators, speci�cally in material acceleration platforms.
By providing this comprehensive review, it is hoped that the �nal problem state-
ment can be formulated, and the task to be solved by the use of mobile manipula-
tors can be de�ned.

2.1 Mobile Manipulator System

Robotic manipulators are �xed-base robotic systems with a limited workspace de-
termined by the reach of their arm. To carry out tasks successfully, careful planning
is necessary to ensure the robotic arm can access all the required parts. This often
involves the use of conveyor belts or similar transportation systems to feed parts
to the manipulator. However, advancements in mobile robots have changed this
dynamic.

Figure 2.1: Aalborg University's Little Helpers mobile manipulators, generations one through eight
(LH1 on the left and LH8 on the right) [20].

Mobile robots are controllable systems that use sensors and other technologies

6
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to perceive their environment and safely navigate through it. These robots typically
incorporate physical elements such as wheels, tracks, or legs along with control
algorithms. By mounting one or more robotic arms on a mobile base, a new system
is created that combines the advantages of both types of robots, known as a mobile
manipulator. With its ability to move around the environment, it can navigate
to where the parts are located, rather than relying on a conveyor belt or other
transportation system. This makes it a valuable tool in many industries, from
manufacturing to logistics and beyond. [2]

In order to gain a more comprehensive understanding of the mobile manipu-
lator system's structure, it is useful to categorize its components into two distinct
subsystems: hardware and software, as illustrated in �gure 2.2. Each of these
components will be analyzed in further detail in the following sections.

Figure 2.2: Structure and components of Mobile Manipulator System [25]

2.1.1 Hardware

The hardware of mobile manipulator system consists of three essential compo-
nents: the mobile platform, the manipulator, and the sensors. The mobile platform
enables the system to move, while the manipulator interacts with objects from
its environment to complete speci�c tasks using its end-effector. The sensors are
used to perceive the environment, objects, and the system itself, thus enabling safe
navigation and ef�cient manipulation of objects. [25]
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Mobile platform

Locomotion is a crucial aspect of mobile robotics that allows robots to move through
their environment. Based on the locomotion type, the mobile robots can be catego-
rized into three categories: legged, wheeled and tracked mobile robots.

Examples of different mobile platforms based on their locomotion type is shown
in �gure 2.3. The ANYmal C 1 legged robot, developed by AnyBotics designed for
industrial inspection. The MaXXII-S 2 , created by Robodyne, is a tracked mobile
robot built for diverse use cases, particularly in agriculture. Lastly, the Persever-
ance Mars rover 3, designed by NASA, is specialized for rock sampling.

Figure 2.3: Different mobile robots with distinct locomotion types and intended applications. The
ANYmal C legged robot, is shown on the right. The MaXXII-S tracked mobile robot displayed on
the top left. The Perseverance Mars rover is shown on the bottom left.

Each type has certain design considerations that affect the robot's performance
and capabilities. Some key design considerations for locomotion in mobile robots
include stability, energy ef�ciency, maneuverability, and terrain adaptability. These
factors can in�uence the choice between legged and wheeled locomotion and the
speci�c design of the robot's legs or wheels. [19]

Legged robots offer better stability and terrain adaptability but require more
energy due to the energy consumption involved in lifting and moving their legs.
Additionally, legged robots may have lower maneuverability than wheeled mobile
robots. On the other hand, wheeled robots are highly energy-ef�cient and have

1https://www.anybotics.com/the-next-step-in-robotic-industrial-inspection/
2https://robodyne-services.com/maxxii-ugv-tracked-robot-vehicle
3https://mars.nasa.gov/mars2020/
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simpler control mechanisms than legged robots. However, they may struggle with
rough or uneven terrain. Tracked mobile robots use caterpillar tracks and have
larger ground contact patches, making them highly maneuverable on loose sur-
faces. However, they require a skidding turn to change direction, which results in
power inef�ciency on surfaces other than loose ones. [15, 19]

This thesis focuses on the use of mobile manipulators in MAPs, with a primary
emphasis on their deployment in chemistry laboratories. Wheeled robots are often
preferred over legged and tracked robots in these environments for several reasons.
Firstly, the laboratory �oors are �at and smooth, making them ideal for wheeled
locomotion. Secondly, wheeled robots can be designed to carry heavy loads such
as equipment or chemicals more easily than legged robots. Lastly, wheeled robots
have simpler control mechanisms, making them easier to integrate into a laboratory
automation system.

Wheeled mobile platforms Wheel design is an important factor for mobile robots
that affects their stability, energy ef�ciency, maneuverability, and terrain adaptabil-
ity. There are different types of wheels that can be used for mobile robots, each
with its own advantages and disadvantages. Some of the common wheel designs
are are shown in the �gure 2.4.

Figure 2.4: Common wheel types. Standard wheel (top left), Caster wheel (top right), Swedish or
Mecanum wheel (bottom left), Omni wheel (bottom right)

Standard wheels are widely used due to their simplicity, which is limited to
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forward and reverse rotation. They allow the robot to rotate when different wheel
rotation speeds and/or directions are applied. Steering wheels, on the other hand,
have a different mechanical structure that allows them to rotate about their vertical
axis. A mechanism uses a steering motor to control the direction of a wheel's
movement, and a driving motor to provide forward and reverse motion. Therefore,
the same physical wheel could be used as a standard wheel or converted into a
steering wheel by attaching a steering mechanism. [18]

Caster wheels enable a robot to achieve near omnidirectional movement. The
wheel can passively rotate 360 degrees with respect to the vertical axis as well as
forward and backward, allowing the wheel to move without restriction. They do
not require a steering mechanism, but their stability and traction are poor. They
are suited for indoor environments but struggle on surfaces that are uneven or
slippery. [19, 18]

Mecanum wheels are another name for Swedish wheels. They consist of a
central hub with rollers mounted at a 45-degree angle around its circumference
relative to the wheel's axis. By applying different velocity to each wheel, a robot
can move in any direction. Mecanum wheels have three degrees of freedom: wheel
rotation, roller rotation, and rotational slip about the vertical axis passing through
the contact point of locomotion. They have a high degree of maneuverability and
omnidirectional capability, but are inef�cient and complex. They perform poorly
on soft or rough terrains, but perform well on �at or hard surfaces. [19, 18]

Similar to Mecanum wheels, Omni wheels feature non-actuated rollers mounted
on an active main wheel. And in contrast to mecanum wheels, the rollers of Omni
wheels are placed at a 90-degree angle to the axis of rotation of the main wheel.
[18]

The property of Holonomicity of a robot depends directly on the type of
wheels used. A holonomic system has the same number of controlled DoFs as
its total number of DoFs. On the other hand, a robotic system is non-holonomic
if the number of its controlled DoFs is less than its total number of DoFs. The
standard setup with differential drive is an example of a non-holonomic system,
while a setup with Omni wheels or Mecanum wheels is an example of a holonomic
system.[18]

The choice of wheel design depends on the application and environment of the
mobile robot. For example, an omnidirectional robot may use Swedish wheels or
Omni wheels to achieve high mobility and agility in con�ned spaces or dynamic
scenarios. However, these wheels may not be optimal for outdoor applications
where standard wheels may provide better traction and ef�ciency. The geometry of
the wheel also affects its performance, such as its diameter, width, shape, material,
etc.. Therefore, it is important to consider these factors when designing a mobile
robot's locomotion system. [19]



2.1. Mobile Manipulator System 11

Manipulator

Robot manipulators can be categorized into two types the traditional industrial
robots and collaborative robots (cobots).

Industrial robots are large, heavy machines that operate in �xed positions on
production lines. They're designed for high-speed, repetitive tasks that require
precision and strength. They can lift and move heavy objects and are ideal for
tasks like welding, painting, and assembly.

Cobots, on the other hand, are designed to work alongside humans in shared
workspaces. They're smaller, lighter, and equipped with sensors and safety fea-
tures to prevent collisions or injuries. They're more �exible than industrial robots
and can be easily moved between workstations or reprogrammed for different
tasks. Cobots are often used for small-batch production or assembly tasks that
require human dexterity and decision-making skills. They're also easy to program,
making them accessible to small businesses or manufacturers without technical
expertise.

Franka Research 34 cobot is shown in �gure 2.5. Force-sensitive cobot designed
for cutting-edge AI and robotics research. The robot has 7 degrees of freedom, a
payload of 3 kg, and a maximum reach of 855 mm.

A robot manipulator's end-effector is what enables it to interact with its en-
vironment. End-effectors come in different types such as grippers, suction cups,
magnets, hooks, and tools. Mobile manipulators are often designed to be modular,
allowing for quick and easy end-effector changes based on the task at hand. This
versatility makes mobile manipulators suitable for a wide range of applications.[4]

4https://www.franka.de/research/
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Figure 2.5: Franka Research 3 cobot equiped with its default gripper. force-sensitive cobot designed
for cutting-edge AI and robotics research. The robot has 7 degrees of freedom, a payload of 3 kg,
and a maximum reach of 855 mm.

Sensors

Autonomous mobile manipulators are highly dependent on sensors to perceive
and understand their environment. There are two main categories of sensors that
are used in robotics, namely proprioceptive and exteroceptive sensors.

Proprioceptive sensors are a type of sensor that measures values that are inter-
nal to the robot. These sensors are commonly used in robots and play a critical
role in ensuring their precise control and operation. For example, wheel/motor
sensors measure the rotation of a robot's wheels or motors, allowing it to estimate
the distance traveled and changes in orientation. Robotic arms also rely on pro-
prioceptive sensors such as joint angle sensors and torque sensors, which measure
the angles between the links of a robotic arm and the torque applied by a motor at
a joint, respectively.

On the other hand, exteroceptive sensors acquire information from the robot's
environment. These sensors measure external environmental factors such as dis-
tance and light intensity. Active ranging sensors emit a signal and measure the
time it takes for the signal to bounce back after hitting an object. These sensors
can be used to determine the distance to objects in the environment. Vision-based
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sensors use cameras to capture images of the environment and can be used for
object recognition, navigation, and obstacle avoidance. [5, 19]

In a laboratory setting with a mobile manipulator, various proprioceptive and
exteroceptive sensors should be utilized to enable manipulation and autonomous
navigation. Encoders, Inertial Measurement Units (IMUs) and torque sensors are
essential for this purpose. Additionally, a vision system or laser scanning is nec-
essary to navigate the environment and avoid obstacles. In certain cases, it may
be bene�cial for the robot to operate in darkness, as in the work Mobile Robotic
Chemist from Toronto University [3], where laser scanning and touch feedback
were used instead of a vision system for those reasons. For increased safety and
hazard detection, the robot can be equipped with various sensors, such as temper-
ature, humidity, gas and chemical sensors.

2.1.2 Software

To effectively operate an autonomous mobile manipulator, the software structure
must be carefully designed and divided into multiple steps. Firstly, the environ-
ment must be perceived using information gathered from sensors. Secondly, the
path and motion planning step utilizes the perceived information to plan the move-
ment of both the mobile base and manipulator. Finally, the control system directs
and manages the behavior of the devices in the system. [25]

Path and Motion Planing

Motion planning algorithms are a critical component of autonomous robotic sys-
tem, as they enable robots to navigate through their workspace in a safe and ef�-
cient manner. These algorithms are used to �nd the path between a starting point
and an endpoint, which allows the robot to move from one location to another.

Path planning is a preliminary step in motion planning, and it involves �nding
the shortest distance or time between two points at a topological level. However,
motion planning goes a step further by taking into account the dynamics of the
environment and the robot itself. This includes factors such as the robot's kine-
matics, velocities, and poses, as well as the presence of any dynamic objects in the
environment.

By considering these variables, motion planning generates interactive trajecto-
ries that allow the robot to safely and effectively interact with its surroundings.
The goal of motion planning is to achieve long-term optimal strategies by utilizing
short-term optimal or suboptimal strategies to respond to changing environmental
conditions. [26]

In general, path planning algorithms can be categorized into Graph-search,
sampling-based and interpolating curve algorithms.
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Graph-search Algorithms involve searching for a path through a graph that
represents the robot's con�guration space, taking into account its geometry and
any obstacles or other constraints in the environment. This con�guration space is
often represented as a discrete graph, where each node in the graph represents a
valid con�guration of the robot, and each edge represents a valid motion that the
robot can make from one con�guration to another. The search algorithms used for
motion planning operate on this graph by constructing a search tree that explores
the possible paths from the initial con�guration to the goal con�guration, with the
goal of �nding a shortest path on the graph. Examples of graph-search algorithms
include Dijkstra's algorithm and A* algorithm. [26]

Figure 2.6: Search performance comparison of Dijkstra (left) and A* (right) algorithms in a 2D
environment. The obstacle is shown as a gray shape. Red and green circles represent nodes in the
closed set, that is nodes that have been evaluated, whereas blue circles represent the set of nodes that
have yet to be evaluated. [6]

Sampling-based Algorithms use random con�gurations to explore the con-
�guration space instead of discretizing it. Local planners connect these random
con�gurations, and then check if there is a feasible path between them that avoids
obstacles. This process results in either a probabilistic roadmap (PRM) or a rapidly-
exploring random tree (RRT) that covers the con�guration space.

Both PRM and RRT are probabilistic in nature, meaning they do not guarantee
�nding the optimal path or even a feasible solution. However, they are very effec-
tive in high-dimensional or complex environments, where exact solutions are often
computationally intractable.[26]



2.1. Mobile Manipulator System 15

Figure 2.7: Performance comparison of PRM (left) and RRT (right) algorithms in a 2D environment.
The obstacle is shown as a red square. Yellow square represents the starting point and green squere
the goal point. [9]

Interpolating Curve Algorithms do not use graphs or samples, but rather gen-
erate smooth curves that interpolate between waypoints. The waypoints are either
given by the user or computed by other methods. The curves are designed to sat-
isfy certain criteria such as curvature, clearance and optimality. The problem then
reduces to �nding an interpolating curve that passes through all waypoints with-
out colliding with obstacles. Examples of interpolating curve algorithms include
B-splines, Bezier curves and Dubins curves.[26]

Motion Planning for Mobile Manipulators
Mobile manipulators pose unique challenges for planning algorithms due to their
kinematic redundancy and dynamic complexity. Kinematic redundancy occurs
when a system has more degrees of freedom than necessary to perform a given
task. With mobile manipulators, this is because of the combination of a mobile
base and robot manipulator, which have more degrees of freedom when combined
than they do individually.

This redundancy leads to the challenge of determining the most ef�cient and
effective way to achieve a goal. There are multiple ways to achieve the same ob-
jective, and the planning algorithm must choose the optimal path. Furthermore,
dynamic complexity arises from the different dynamic behavior of the mobile base
and the manipulator. This makes it challenging to model and control the system's
motion accurately.

Due to this speci�c challenges of mobile manipulators the planing algorithms
are usually implemented in one of two ways and therefore can be categorized
into Separate planing and Combined (Whole-body) planing which is based on
consideration of planning algorithms of the differences between the robot base
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and manipulator arm.
Separate Planing Approach divides the complex task that has to be achieved by

mobile manipulator into the sequence of sub-tasks and the planing is carried out
for each sub-task separately and therefore separates the planning for the mobile
base and manipulator arm.

When dividing a task into sub-tasks, the placement of the mobile base can play
a crucial role. Poor placement can make the overall task goal unreachable and
result in suboptimal solution paths. Since the goal state of one sub-task heavily
affects the planning of the next task, it could prevent the generation of a feasible
solution, thus resulting in the need for re-planning of the previous task. This can
lead to locally optimal but globally suboptimal paths or unsuccessful planning
queries.

Whole-body Motion Planning is an alternative approach that considers the
robotic system as a single entity with numerous degrees of freedom. However,
this approach can be computationally expensive compared to planning each body
separately. Speci�cally, calculating the free space representation and �nding a path
through it can be highly demanding. The free space denotes the area where the
robot can move without colliding with obstacles, and if the obstacles are dynamic,
the free space representation needs frequent updating, further increasing compu-
tational cost. To avoid computing the free space representation, an alternative is to
use graph-search algorithms to create a graph through the free space and identify
feasible paths, which is a less expensive approach.

Approaching motion planning as an optimization problem of �nding the tra-
jectory is another viable method. However, this approach can be challenging and
costly to implement in real-world applications due to the requirement of large
memory for storing paths and complex cost functions. Despite these challenges,
optimization-based methods can provide precise and accurate paths.

Another popular approach is to use sampling-based algorithms because of their
effectiveness in high-dimensional and complex environments. However, generated
paths may not be smooth, which can result in less accurate trajectories. Despite
this, sampling-based methods are still bene�cial due to their ability to handle ob-
stacles of inconsistent shape and size, and their probabilistic completeness prop-
erty, meaning that given enough time, they can �nd a feasible path with high
probability. [16]

Motion Planing Frameworks
Developing robotic applications can be complex and time-consuming, particularly
when it comes to creating algorithms for motion planning. However, there are
existing tools and frameworks that can simplify the process. Robotic Operating
System 2 (ROS2) [10] is a widely used open-source framework for robotics devel-
opment. It offers a variety of libraries and tools that make it easier to build robotic
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applications.
Two such libraries are Navigation Stack2 (Nav2) [11] and MoveIt 2 5. Naviga-

tion Stack provides algorithms for autonomous navigation of mobile robots, while
MoveIt provides tools for motion planning for robotic arms. Both libraries are built
on top of ROS and are well-established in the robotics community.

By using these libraries, researchers and developers can implement state-of-
the-art motion planning algorithms without having to write complex code from
scratch

Control System

A control system is a system that manages, commands, directs, or regulates the
behavior of other devices or systems using control loops. Control systems can be
classi�ed into two types: open-loop and closed-loop. Open-loop control systems
do not use feedback and act only on the basis of input signals. Closed-loop control
systems use feedback to compare the output with the desired output and adjust
their actions accordingly to minimize an error.

Mobile manipulators are controlled in one of three ways: manual, semi au-
tonomous, or fully autonomous control. Manual control, which has been the
standard approach, involves direct control of the systen through means such as
joysticks. However, this method requires extensive training to achieve competence.

Semi-autonomous control, on the other hand, combines the advantages of both
manual and autonomous control. This approach allows for the machine to oper-
ate with a degree of autonomy while still being under human supervision. For
instance, a mobile manipulator may be programmed to move to a certain location
autonomously, but the operator can intervene and modify the trajectory if needed.

Autonomous mobile manipulators are capable of operating without human in-
tervention or supervision, perceiving their environment, planning actions, execut-
ing tasks, and adapting to changes or uncertainties. This capability can lead to
more ef�cient and intelligent operations.

There are different approaches for achieving autonomous control of mobile
manipulator systems, including behavior-based control, model-based control, and
learning-based control. Behavior-based control relies on a set of prede�ned behav-
iors that are triggered by sensory inputs or internal states, which can be priori-
tized, blended, or coordinated to achieve complex tasks. Model-based control uses
a mathematical model of the robot and its environment to predict the outcomes of
actions and select the optimal ones based on criteria such as cost, reward, or safety.
Learning-based control utilizes data-driven techniques like reinforcement learning
to learn from experience and improve performance over time. [25]

5https://moveit.ros.org
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Perception

Mobile manipulators rely on information from multiple sensors to perceive their
environment. However, the inherent imperfections in each sensor can result in
uncertainty in the information they provide. Thus, effective strategies are neces-
sary to manage the sensory information despite these uncertainties. Two common
strategies are used: utilizing the raw measurements from each sensor to inform the
robot's actions, or extracting features from one or more sensor readings to interpret
the scene.

Feature Extraction is a process of identifying and extracting important or rele-
vant information from sensor data. This can involve extracting features based on
range data, or visual appearance-based feature extraction. The objective of feature
extraction is to reduce the amount of data that needs to be processed while re-
taining important information that can be used for tasks such as localization and
mapping.

Features are identi�able structures or patterns in the environment that can be
extracted from measurements and mathematically represented. Low-level features
refer to geometric primitives such as lines, circles, or polygons, which provide
an abstraction of raw data and increase the distinctiveness of each feature while
reducing the data volume. High-level features, on the other hand, refer to objects
such as edges, doors, or tables, which provide maximum abstraction from raw data
and reduce the data volume while providing highly distinctive resulting features.

Feature Extraction Based on Range Data involves the identi�cation and extrac-
tion of crucial information from sensor data that measures the distance between the
mobile manipulator and its surroundings. This strategy employs sensors such as
laser or ultrasonic. The extracted features can help represent the environment in
a more condensed and informative manner, which can assist with tasks such as
localization and mapping. For instance, a laser range �nder can be utilized to ex-
tract features such as lines or corners in the environment, which can be used to
represent walls or other objects.

Visual Appearance-based Feature Extraction involves the identi�cation and
extraction of signi�cant information from visual sensor data. This process includes
the use of techniques such as color or texture analysis to extract features that repre-
sent the visual appearance of objects in the environment. The extracted features can
aid the mobile manipulator in recognizing and identifying objects or landmarks in
its surroundings. [19]

2.2 Related works

The purpose of this section is to provide an analysis of the implementation of
autonomous mobile manipulators in various industries and their potential appli-
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cations in MAPs. The aim is to present an overview of the hardware and software
components used in the implementation of such systems, with a focus on their
versatility and potential. Another objective is to guide the �nal problem formula-
tion of this project by examining the use cases of autonomous mobile manipulators
and their potential in solving various tasks, such as material handling, assembly,
and inspection. This analysis will provide valuable insights into the potential ap-
plications of autonomous mobile manipulators in different industries, including
manufacturing, healthcare, and logistics, and their ability to operate in diverse
environments, both indoors and outdoors.

2.2.1 Little Helper 8

Aalborg University researchers have developed a series of autonomous mobile ma-
nipulators called Little Helpers (LH) [20] to improve the �exibility, speed, and
ef�ciency of production and logistics handling. Unlike most static industrial ma-
nipulators that are limited by their workspace, LH models were developed with
speci�c aims, including logistics and multiple part feeding, assembly and machine
tending, and a dual-arm robot co-worker. The latest model, LH8, was designed
with an omnidirectional mobile base, allowing lateral movement, in contrast to all
previous versions, which had differential drive mobile platforms. Adding an ad-
ditional degree of freedom (DOF) to the system enables LH8 to navigate shorter
paths than differential drive mobile platforms, as shown in �gure 2.8. To perceive
its environment, LH8 uses two LIDAR sensors.

Figure 2.8: The �gure illustrates the path of an omnidirectional LH8 robot, denoted by the green
line, in contrast to the path of a differential drive robot, represented by the red line.[20]

The navigation package was programmed in ROS, which implemented global
and local planners. The global planner utilizes a graph-search-based A* algorithm
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for long-term planning, from the initial pose to the goal pose. The local planner
serves as an online local trajectory planner for omni-drive, which optimizes the
initial trajectory generated by the global planner while handling static and dy-
namic obstacle avoidance. To localize the robot in the map, this work implements
adaptive Monte Carlo localization (AMCL). The tests were conducted in both the
Gazebo simulation tool and real-life scenarios, wherein the robot was able to avoid
obstacles and navigate from the initial position to the goal position with a sig-
ni�cant margin of error of 0.33m, attributed to the use of cheap LIDAR sensors.
However, no tests were performed for the pick and place task as the robot arm was
not mounted on the mobile base.

2.2.2 A Mobile Robotic Chemist

This thesis focuses on the utilization of autonomous mobile manipulators in Mate-
rial Acceleration Platforms (MAPs), which are designed to accelerate the discovery
of new materials through high-throughput experimentation. A noteworthy exam-
ple of such a system is the implementation of a KUKA mobile robot mounted on
a KUKA Mobile Platform base by researchers from the University of Liverpool [3].
This robot was deployed in a laboratory environment and could perform complex
manipulations comparable to those performed by human researchers. The robot
could autonomously move around the laboratory, select and weigh reagents, mix
them together, apply heat, and measure the gas evolved. Moreover, it utilized ar-
ti�cial intelligence (AI) to analyze the data and plan the next experiments using a
Bayesian search algorithm.

The primary objective of this research was to search for improved photocata-
lysts for hydrogen production from water. The robot carried out 688 experiments
within a ten-variable experimental space over eight days, achieving this objective.
To navigate its environment, the robot employed a cloud of possible positions and
updated its position by matching the output of its laser scanners with the map for
each position in the cloud. The robot's position was determined by x, y, and q
(its orientation angle). Furthermore, a touch-sensitive 6-point calibration method
was utilized to enhance precision, allowing the robot to operate instruments and
carry out delicate manipulations such as vial placements with a level of precision
comparable to a human operator.

The researchers implemented a Bayesian search algorithm to guide the robot in
its search for improved photocatalysts for hydrogen production from water. The
objective function was �nding the optimal set of concentrations in a multicompo-
nent mixture for photocatalytic hydrogen generation. This enabled the robot to
ef�ciently explore a large experimental space and identify promising solutions.

This study demonstrated the potential and bene�ts of autonomous mobile ma-
nipulators in MAPs and laboratory environments, as well as the challenges and
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