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Abstract 

The developed work in this dissertation is part of the MIAR project, which focuses on using 

synchronized Mobile Intelligent Autonomous Robots (MIAR) to automate logistics operations 

at Bosch Car Multimedia BrgP. The autonomous mobile manipulator must perform pick-and-

place operations involving Targets, boxes containing certain electronic products, between a 

storage buffer and access ramps connected to the assembly lines. The purpose of this 

dissertation was to develop motion planning for the KUKA LBR iiwa 14 R820 manipulator to 

execute the intended tasks. The use of a redundant arm in this project aimed to create 

collision-free trajectories in confined spaces. Firstly, a simulation model was created at 

CoppeliaSim to represent the Bosch shop floor where the mobile manipulator will operate. 

Under this scenario, several tasks were performed, such as determining the number of boxes 

the manipulator could handle from the dollies and checking the maximum number of boxes 

that could be transported on top of the mobile platform. To carry out the planning tests, the 

collaborative gripper 2FGP20 was selected to meet the project’s requirements, and custom-

designed fingers were simulated at Autodesk Fusion to withstand the imposed loads during 

manipulation. Additionally, new optimized ramps were introduced to ensure that the arm 

could access boxes. 

A method of communication between CoppeliaSim and MoveIt, software used for 

trajectory generation, was implemented. This communication was established using ROS2 via 

two launch files. A benchmarking study was conducted among ten planners, identifying T-RRT 

as the most suitable for the project. Subsequently, the planner was customized to ensure 

better results across diverse manipulation scenarios, and a post-processor was utilized to 

verify if it would lead to significant improvements, considering the project's stringent 

requirements. 

In conclusion, the manipulator demonstrated satisfactory performance, given the 

complexity of its working environment. Some limitations were identified, and suggestions for 

future improvements were proposed.  

 Keywords: Global Planners, Motion Planning, Pick-and-Place, Smoothness. 
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Resumo 

O trabalho desenvolvido nesta dissertação enquadra-se no projeto MIAR, que se foca na 

utilização de Robôs Autónomos Inteligentes Móveis (MIAR) sincronizados para automatizar as 

operações de logística na Bosch Car Multimedia BrgP. O manipulador móvel autónomo 

necessita de realizar operações de pick-and-place envolvendo Targets, caixas contendo 

determinados produtos eletrónicos, entre um buffer de armazenamento e rampas de acesso 

ligadas às linhas de montagem. O objetivo desta dissertação foi desenvolver planeamentos de 

movimento para o manipulador KUKA LBR iiwa 14 R820 poder executar as tarefas pretendidas. 

A utilização de um braço redundante neste projeto foi com a intenção de se criar trajetórias 

livres de colisões em espaços confinados. Primeiramente, foi criado um modelo de simulação 

no CoppeliaSim para representar o chão de fábrica na Bosch, no qual o manipulador móvel irá 

operar. Neste cenário, foram realizadas diversas tarefas, tais como determinar a quantidade 

de caixas que o manipulador poderia alcançar dos dollies e verificar a quantidade máxima de 

caixas que poderiam ser transportadas em cima da plataforma móvel. Para a realização dos 

testes de planeamento, foi selecionado o gripper colaborativo 2FGP20, de forma a satisfazer 

os requisitos do projeto, e foram simulados dentes personalizados no Autodesk Fusion para 

suportar as cargas impostas durante a manipulação. Além disso, foram introduzidas novas 

rampas otimizadas para garantir que as caixas pudessem ser acedidas pelo braço.  

Foi desenvolvido um método de comunicação entre o CoppeliaSim e o MoveIt, 

software que é utilizado para a geração de trajetórias. Esta comunicação foi estabelecida por 

ROS2 através de dois launch files. Um estudo de benchmarking entre dez planeadores foi 

realizado, identificando o T-RRT como o mais adequado para o projeto. Posteriormente, o 

planeador foi personalizado de forma a garantir melhores resultados em diversos cenários de 

manipulação, e um pós-processador foi adicionado para verificar a existência de melhorias 

significativas, perante os rigorosos requisitos do projeto.  

Concluiu-se que o manipulador demonstrou um desempenho satisfatório perante a 

complexidade do ambiente de trabalho do projeto. Foram ainda identificadas algumas 

limitações e propostas sugestões de melhorias futuras. 

 Palavras-chave: Pick-and-Place, Planeadores Globais, Planeamento de Movimentos, 

Suavidade. 
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1 Introduction 

At Bosch Car Multimedia Braga Plant (BrgP), as well as in other factories within the group, the 

movement of boxes containing electronic products, known as Targets, across the shop floor 

between various assembly lines is a complex task. Currently, Targets are moved manually, a 

time-consuming process that often results in missed delivery deadlines. This issue has several 

implications for operational performance and production costs. 

The present dissertation is part of the “Connected Manufacturing - Digital 

Transformation” Program (ref: SIFN-01-9999-FN-179826 – I&D) of the Bosch & UMinho 

partnership, more specifically the Project CM.5G.P16 – MIAR – “Flexible system to transport 

products between shared processes with Mobile Intelligent Autonomous Robots (MIAR) 

synchronized with production lines”. The MIAR project aims to develop intelligent, flexible, 

and automated solutions that enable the transport and positioning of products within 

established deadlines, relying on a combination of advanced technologies and solutions in 

areas such as collaborative robotics, automation, computer vision, and IoT.  

Within the scope of the MIAR project, it is necessary to address the previously 

mentioned situation by implementing innovative technologies. The goal is to move the Targets 

from manual to automated through solutions that guarantee faster procedures, respecting 

predefined timeframes. The solutions to be implemented aim to use synchronized 

autonomous mobile manipulator robots integrated with production lines to perform pick, 

transport, and place operations for the Targets.  For this purpose, vision systems are required 

to identify the Targets and potential obstacles to the movement of the autonomous mobile 

robot, such as humans, since the environment in which the robot will operate is shared with 

factory workers. Furthermore, since the intention is to use more than one autonomous mobile 

manipulator robot in the established operations, it is important to ensure that no collisions 

occur between them during the execution of tasks. To achieve this, it is necessary to develop 

a flexible fleet management system designed for the respective robots. It is also essential to 

control the movement of the redundant anthropomorphic robotic arm mounted on the 

mobile platform to ensure the successful execution of pick, transport, and place tasks. 
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In the context of my dissertation, the goal is to develop and test methods for generating 

collision-free pick-and-place movements for the robotic arm integrated into the mobile robot. 

The robotic arm is responsible for picking the Targets from the storage buffer and placing 

them onto the access ramps leading to the assembly lines. It must also collect empty boxes 

from the ramps and return them to the storage buffer. As these robots must coexist with 

human operators, in addition to safety, an important requirement is that their movements 

are legible to make the robot's behavior more transparent to the workers around them. 

1.1 Motivation 

Due to the constant technological evolution in Industry 4.0, the use of automated systems to 

control industrial processes has grown. The main purpose is to maximize the productivity and 

flexibility of the processes by integrating autonomous machines in monotonous and 

hazardous operations and reducing human intervention (NECULA et al., 2022). Currently, tasks 

such as transporting and handling components across production lines remain challenging in 

manufacturing environments. The increasing demand for adaptable workspaces requiring 

more flexible tasks has increased the need for collaborative robots in the industry. The use of 

collaborative robots in shared environments with humans enables them to assist workers in 

various tasks, particularly repetitive ones (Weidemann et al., 2023). 

The MIAR project is concerned with implementing a promising approach to ensure the 

precise and safe placement and collection of boxes in the production lines. This is achieved by 

integrating an omnidirectional mobile platform equipped with a redundant collaborative 

manipulator. This system is designed to work with human workers in a shared industrial space.  

As such, the robotic arm's movements must be safe and human-readable during all the pick-

and-place operations.  

Moreover, the robotic arm's environment is expected to be filled with access ramps that 

are presented as obstacles to the manipulator’s movements. The robot must generate 

collision-free trajectories to precisely deliver the boxes to the designated ramps without 

colliding with them during the entire process. Consequently, the study of the redundancy of 

the manipulator with the mobile platform’s position will bring good benefits to the execution 

of the intended operations. The proposed goal brings the opportunity to realize an in-depth 
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analysis of the available motion planning techniques to create a smooth and efficient 

trajectory throughout all operational phases. 

1.2 Objectives  

The main objective of this dissertation is to develop methods and algorithms for generating 

safe and precise movements for the robotic arm, ensuring the accurate and secure placement 

of boxes onto the feeding lines, as well as the simulation with the manipulator to validate the 

developed models. 

The planning of trajectories for the redundant arm consists of executing various 

manipulation tasks. These tasks involve picking up and placing Targets between the storage 

buffer and the autonomous mobile robot (AMR) and, in turn, picking up and placing these 

boxes onto the access ramps. To fulfill this primary goal, a series of preliminary tasks must be 

undertaken, such as familiarizing with the Robot Operating System (ROS) and MoveIt 

frameworks. The creation of a simulation scenario replicating the real environment at Bosch 

Car Multimedia BrgP using the physical simulator CoppeliaSim as well as determining the 

number of boxes the AMR can transport across the shop floor are fundamental to box 

manipulation management.  

Another important subtask to consider is the study of possible modifications in the “as 

is” shot floor, particularly the access ramps, which in the current scenario reveal difficulties 

for the placement of the Targets. Alongside these suggested changes, this research will also 

extend to the search for an appropriate gripper in the market for the robotic arm. The gripper 

must be capable of grasping the boxes for manipulation while satisfying the project's 

requirements.  

To ensure the robotic arm's movements are legible and safe, a comprehensive 

overhaul of the collision-free trajectory planners will be conducted. A comparative analysis of 

these planners will be made to select the most proper one for the pick-and-place operations. 

This dissertation also aims to settle a means of communication between MoveIt, the 

motion planner library responsible for projecting the robot’s movements, and the physical 

simulator CoppeliaSim, which will transmit all the physical interactions and overall operations. 

As expected outcomes, the goal is to achieve a robotic arm capable of performing safe 

and human-readable movements during pick-and-place operations of boxes in the production 
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area. This is particularly important as the robot will coexist in an environment with human 

operators, where human-robot interaction must be as efficient as possible. 

1.3 Structure of the Dissertation 

This dissertation is divided into six chapters, each explained below. The current chapter 

serves as the introduction, addressing the problem definition, providing context for the MIAR 

project, and outlining the motivations and goals established for this work. 

The second chapter exposes the current growth in the use of robots in the industry, 

focusing on the evolution of collaborative robots in shared tasks. It also includes a general 

review of collision-free motion planners, especially sampled-based, optimization-based, and 

human-like planners. It addresses an analysis of the industry's existing automatic feeding and 

collection systems for boxes, and it exhibits an overview of solutions similar to the robotic 

approach presented in the MIAR project, emphasizing control by motion planning for mobile 

platforms and integrated robotic arms.  

The third chapter explores theoretical foundations important for properly 

understanding the developed work and delves into the impact of redundancy in the robotic 

arm's kinematics study. It also lays out the planners under examination in the project for the 

pick-and-place trajectories. Lastly, it details all the software and hardware necessary to realize 

the respective work. 

The fourth chapter represents the core of this dissertation. It describes the system 

architecture of the MIAR project and details all the practical tasks carried out during the 

project, commencing with the creation of the simulation scenario in CoppeliaSim, the study 

of the number of boxes the AMR can dislocate, and the selection of an appropriate gripper for 

the manipulation tasks. It includes the modeling and simulation of potential gripper fingers to 

be used in the project. The design of optimal access ramps to facilitate pick-and-place 

operations for the Targets is also examined. Other tasks were also executed, such as 

configuring the manipulator with the gripper in MoveIt, replicating the robot’s workspace 

environment to the Rviz, and establishing communication between MoveIt and CoppeliaSim.  

The fifth chapter thoroughly compares the motion planners introduced in Chapter 3 to 

identify the most suitable one for the project. Consequently, it includes the results and 
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analysis of the benchmarking study. It also explores customized planners and examines how 

their adjustments influence the performance of the pick-and-place operations. 

The final chapter provides a comprehensive summary of the work accomplished 

throughout this research, highlighting the conclusions drawn from the developed solution. It 

discusses the possible limitations of the proposed approach and outlines suggestions for 

future research. 

The dissertation concludes with an annex and appendices that include technical 

drawings of the access ramps, the fingers designed for the selected gripper, and the results of 

the motion planners comparison.  
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2 State of the Art 

This chapter begins by discussing the evolution of collaborative robots in the industry and 

provides a literature review on automated solutions for the collection and placement of boxes 

on production lines. It also summarizes motion planning methodologies that ensure collision-

free movement, categorizing them into global and local planners. Finally, the chapter 

highlights some applications of these methodologies in mobile manipulator robots. 

2.1 The Importance of Collaborative Robots in Industry 

Industry 4.0 represents a major transformation in industrial processes. This digital 

industry relies on cyber-physical systems and the Internet of Things to connect databases 

between systems and equipment, such as sensors and processors, to promote a safer and 

more efficient industry (Toktaş-Palut, 2022).  

In modern industry, robots are the fastest-expanded mechanical solution implemented 

in the industrial sector (S. Liu & Liu, 2020). Based on the World Robotics 2023 report, the 

worldwide annual installation of industrial robots has tripled from 2012 to 2022, presenting a 

slight increase of 5% from 2021 to 2022. This growth can be checked in Figure 1 – (a) graph. 

Besides, between 2021 and 2022, there was a notable increase in the annual Installations of 

Industrial robots by customer industry, mainly in the electrical/electronics sector of 10% and 

in the automotive sector of 16%, as depicted in Figure 1 – (b). 

 

 

Figure 1  - (a) Annual installations of Industrial robots - World; (b) Annual Installations of Industrial robots by customer 
industry – World. Adapted from (IFR International Federation of Robotics, 2023). 
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Companies adopt more and more industrial robots for their extensive usability in 

operational processes such as manufacturing and logistics, especially robotic arms, to execute 

repetitive, exhausting, and dangerous tasks like arc and spot welding, carrying high loads, 

solving manual labor problems, and ensuring higher production efficiency. These types of 

robots are usually in a robotic cell equipped with sensors and protective fences to surround 

the robot’s workspace to ensure the safety of human workers (Weidemann et al., 2023). 

 Industrial robots have been defined in different ways over the years. The Robot 

Institute of America (1979) states that an industrial robot is “a reprogrammable, 

multifunctional manipulator designed to components or specialized devices, through 

programmed motions for the performance of a variety of tasks” (Considine & Considine, 

1986). According to the international standard EN ISO 10218-1:2011 (International 

Organization for Standardization, 2011a), which specifies safety requirements for industrial 

robots, an industrial robot is “an automatically controlled, reprogrammable, multipurpose 

manipulator, programmable in three or more axes, which can be either fixed in place or mobile 

for use in industrial automation applications.”  

Despite the continued growth of traditional robots, there is an increasing demand for 

more dynamic work environments where tasks are less structured, and workers can 

collaborate alongside robots (Palmieri & Scoccia, 2021). In these cases, the robots don’t have 

protective fences and work aided by safety sensors and image processing through cameras. 

Consequently, the study and development of collaborative robots have expanded.  

Collaborative robots, also known as cobots, emerged in the 1990s. A collaborative 

robot is defined as a robot designed for direct interaction with a human within a defined 

collaborative workspace (ISO 10218-2:2011 (International Organization for Standardization, 

2011b)). 

In contrast to traditional robots, the purpose of cobots is to work alongside humans in 

a variety of industrial applications like palletizing, machine tending, assembly, and injection 

molding, as well as in other areas such as healthcare and assistance for people in need. Cobots 

have been steadily evolving over the years to make collaboration with humans more efficient 

and safer and to enable improvements in workplace ergonomics. They will primarily be used 

for repetitive tasks that require high precision and load-lifting capabilities (Weidemann et al., 

2023).  
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The cooperative interaction between robots and humans in the same environment is 

described as Human-Robot Collaboration (HRC). The collaboration of those agents aims to 

enhance work performance by combining robot strengths with human cognitive skills, thereby 

reducing the physical effort required from human operators. 

While traditional industrial robots are immobile and heavy (weight > 50 KG), feature 

long service life, require large operation space, and work with high loads and working speeds, 

collaborative robots are typically more flexible, lightweight, embedded with security features, 

can be mobile, have low payload capacity, low velocities, and simple setting, not affecting 

layouts in factory floors (Matúšová et al., 2019). Cobots are also easier to program and teach, 

especially with the deployment of intelligent technologies like 5G technology and artificial 

intelligence. 

Because of these advantages, the number of cobots in use within the industry has been 

increasing over the years (Figure 2).   

 

 

Figure 2 - Installations per year of collaborative and traditional industrial robots, 2017 to 2022. Adapted from (IFR 
International Federation of Robotics, 2023). 

 

Despite the benefits of collaborative robots, their integration into industrial 

environments typically requires technical robotics expertise, which can limit their acceptance 

within the sector (Matheson et al., 2019). 

In order to implement these robots in the workplace, they must comply not only with 

the industrial robot safety standards (ISO 10218) but also with the specific requirements for 

collaborative robots, such as maximum work speed (ISO/TS 15066:2016 (International 

Organization for Standardization, 2016)). To ensure safety, cobots must have one of the 
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following safety modes: monitored stop when humans are nearby, hand guidance for 

operations controlled by humans, speed variation based on proximity areas, and limited 

power and force to reduce injury risk during potential collisions (Guertler et al., 2023). 

In collaborative operations, the robot and the human operator are active agents. The 

robot's speed and motion can affect the human worker's performance. If the robot's motion 

is unexpected and fast, it can create anxiety and discomfort for the human co-worker. 

Therefore, cobots tend to have an anthropomorphic appearance and, instead of working with 

functional motion, like traditional robots, must be predictable and legible. While a predictable 

motion aligns with the human observer’s expectation of the action of the cobot, a legible 

motion describes the intention of the robot's action through its movement. A study presented 

by Dragan (2015)  revealed that legible motion generally contributes to more efficient 

collaborations than predictable and functional motions. This leads to the concept of Industry 

5.0 (Doyle-Kent & Kopacek, 2021), where humans and robots work side by side on the same 

tasks. While Industry 4.0 is primarily focused on ensuring quality, data collection, and data 

flow, where humans and robots, though they may work on the same production line, operate 

independently, Industry 5.0 is focused on satisfying the needs of human workers with the 

assistance of robots that coexist in the same work environment. 

2.2 Automatic Systems for Feeding and Collecting Boxes from 

Production Lines 

Nowadays, the production lines are becoming more and more automated. The current growth 

of automatic systems for feeding and collecting packages from production lines has brought 

out several benefits, such as high operational efficiency, less likelihood of human error, lower 

workplace injuries, and flexible services (Azadeh et al., 2019). Storage buffers are areas where 

the products are temporarily stored before being reinserted into the production lines or sent 

to other sectors. Over the years, many developed automated systems have collected and 

returned products to buffers. This section will present some of these solutions. 

Automated Storage and Retrieval System (AS/RS) is a warehousing system that 

manipulates, stores, and retrieves products with precision under a defined degree of 

automation (Roodbergen & Vis, 2009). Thus, an AS/RS involves a series of computer-

controlled processes to place and retrieve loads from predefined storage areas automatically. 
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This type of system comprises the warehouse structure, the storage modules, which are the 

shelves that store the loads and are arranged in rows, and the storage and retrieval (S/R) 

machines. The S/R machines are responsible for picking and placing loads between the 

input/output stations and the storage area, moving the loads horizontally and vertically along 

the rows using elevation systems. The S/R machines commonly used in AS/RS are stacker 

cranes.  AS/RS is also formed by control modules, which use computers and programmable 

logic controllers to guide the S/R machines to the desired positions, and Pick-up and drop-off 

(P/D) stations, which transfer the materials in and out of the AS/RS (Xing et al., 2010). Figure 

3 illustrates an AS/R system and its components. 

 

 

Figure 3 - Example of an AS/RS layout. Adapted from (Xing et al., 2010). 

 

This system offers numerous benefits, including increased storage capacity, enhanced 

productivity, reliable handling, and reduced need for human intervention (Groover, 2007). 

However, it presents significant implementation and maintenance costs (Peixoto, 2015). 

AutoStore is a robot-based compact storage and retrieval system (AS/RS) fully 

operated by robots above a structural grid. This order-picking system stores small parts in 

storage bins that are stacked over each other (Trost et al., 2022), following the 'Last-In-First-

Out' storage strategy, ensuring better use of the available space in other storage systems. This 

system can be seen in Figure 4. 
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Figure 4 - Example of an AutoStore system. Adapted from (Trost et al., 2022). 

 

The grid is an aluminum or steel structure that serves as a rail network for the robots 

and keeps the columns of containers stacked. In this system, the robots carry out the process 

of storing an SKU (Stock-Keeping Unit) completely autonomously. The goods are placed in a 

container at the picking station, and a robot will lift the container to the grid. Usually, the bins 

with high-turnover products are positioned at the top of a stack in the grid for quicker access 

and retrieval, while bins with lower-demand SKUs are migrated to the bottom of the stack. If 

an SKU is needed for retrieval, a robot is sent to find the given bin. The retrieval process is 

direct if the bin is located at the top of a stack, as the robot picks the bin and transports it to 

the picking station. However, if the access to the given bin isn’t direct, it will be necessary to 

relocate all the containers that are stacked above the desired bin. Once a robot retrieves the 

bin and the goods inside the bin are removed to the station, another robot on the top of the 

grid relocates the containers that were moved back to their original stack order (Trost et al., 

2022). 

Autonomous Mobile Robots are reshaping warehousing operations by taking over 

material handling processes. These flexible systems are intelligent, developed to navigate 

alongside human workers, and equipped with many components such as onboard sensors and 

cameras. AMRs move autonomously without an operator, reducing repetitive tasks and labor 

costs, minimizing the likelihood of workplace accidents, and enhancing workflow and logistics 

management (Niermann et al., 2023).  

Mobile manipulators, like the solution used in the MIAR project, are an AMR solution 

where a robotic manipulator is integrated into the mobile base. This system is increasingly 

used in industrial and warehouse environments in operations like machine tending and 

inspection of large components (Annem et al., 2019). The application of pick-and-transport 

tasks using a mobile manipulator can be seen in the case study presented by Thakar et al. 

(2022) in Figure 5. In this approach, the mobile robot transports the parts to the intended 

stations in a cluttered environment while the manipulator picks and places the parts in the 
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intended locations. The motion of the mobile base and the robot arm movements for grasping 

and releasing are handled separately. 

 

 

Figure 5 - Example of a warehouse scenario where a mobile manipulator performs pick and place tasks. Adapted from 
(Thakar et al., 2022). 

 

Another robotic solution for feeding and transporting bins consists of a mobile robot 

with fixed rack storage, such as the Autonomous Case-handling Robotic System (ACR) from 

HAI ROBOTICS (Hai Robotics, 2022). This flexible system is an automated, unmanned robot 

designed for picking and handling tasks. The AMR operates as a good-to-person (GTP) solution 

by using automated transportation of goods, handling and moving multiple boxes 

simultaneously, improving picking efficiency and storage capacity while optimizing the time 

for storage and retrieval tasks. This solution features a lift system to load and unload the 

goods. It consists of a mast supported with several carriers/shelves for storing bins and a load-

handling unit that can rotate horizontally and move along the mast to grab goods at different 

heights in the racking locations (Figure 6). To place goods, the AMR takes the grabbed bins to 

available storage locations within the racking and uses its arms to push the bins onto the 

shelves. To retrieve the goods, the AMR moves to the appropriate storage rack, the load-

handling unit is lifted to the intended storage level, and using its arms, the bin is grabbed and 

placed in one of the empty carriers of the mast. 
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Figure 6 - Autonomous Case-handling Robotic System (ACR) from HAI ROBOTICS. Adapted from (H. Robotics, 2022). 

 

Similar solutions to those previously presented are the Skyler and Cart robots from 

Caja Robotics (C. Robotics, 2023). These flexible good-to-person systems typically work 

together to enhance order-picking operations by moving bins between workstations and 

shelves. The main difference between these solutions and those mentioned earlier is that 

these do not contain carriers on the mobile robot. They are only composed of the load-

handling unit. The Cart Robot is designed for tasks requiring speed and is used for picking and 

inventory validation, while the Skyler robot is used for high-height (Figure 7). Moreover, both 

robots can handle objects measuring up to 403 x 610 mm and are equipped with safety 

sensors for safe navigation. 

 

 

Figure 7 - Skyler and Cart robots from Caja Robotics. Adapted from (C. Robotics, 2023). 
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2.3 Motion Planners 

Robotic arms are particularly suited for processes that involve picking and placing 

components, where timing and precision are critical. For a robotic arm to successfully 

transport boxes, as required for the MIAR Project, it is essential to plan its movements 

carefully to avoid collisions with obstacles in the working area and with the robot itself. As 

manipulators are increasingly required for challenging operations, often working in tight 

spaces and collaborating with humans, the importance of effective motion planning continues 

to grow. Motion planning has been a subject thoroughly explored for years (LaValle, 2006), 

which consists of determining a robot's motion from an initial state to a target state, avoiding 

environmental obstacles, and satisfying constraints, such as joint and torque limits (Latombe, 

1991). The motion planning algorithms can be categorized into: 

• Classical (Deterministic/Combinatorial) Methods: These methods define an explicit 

representation of the topology of the configuration space. They are rigorous in 

discretizing the configuration space and searching for the best path, often leading to 

higher computational demands as the dimensionality of the configuration space 

increases. The combinatorial methods are decomposed by the cell decomposition, 

potential fields, and roadmap approaches (Choset et al., 2005). 

• Grid Methods: These approaches discretize the configuration space into a grid 

structure, facilitating searches for viable paths (Maria & Rodrigues, 2022). 

• Sampling-Based Methods: These techniques utilize deterministic or random sampling 

to explore the configuration space, making them particularly adept at handling high-

dimensional problems. 

• Optimization-Based Methods: These methods aim to generate optimal trajectories 

based on specific criteria, such as minimizing path length, motor efforts, or 

computation time.  Optimization-based methods can produce efficient and smooth 

paths but might require significant computational power.  

• Human-Like Motion Planning Methods: With the increasing integration of robots into 

shared workspaces alongside humans, more and more motion planning algorithms 

prioritize legibility and predictability. These methods aim to generate intuitive 

movements for humans, enhancing safety and collaboration (Gulletta et al., 2021). 
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However, motion planning algorithms are typically classified into two types of path-planning 

methods for obstacle avoidance: the global and local methods (Hwang & Ahuja, 1992). The 

following sections will discuss the concept of each method and provide an overview of some 

existing motion planning algorithms for each.   

2.3.1 Global Planners 

The global motion algorithms (Hwang & Ahuja, 1992) consist of methods that process 

information about the robot’s workspace before executing the movement. These methods are 

used when the motion planning must be meticulously planned. The process in this planner is 

made offline. An example is planning motion trajectories for industrial robots in environments 

where avoiding obstacles is crucial. In the global approach, since the workspace is static, the 

motion planning for robotic arms becomes easier, resulting in generated movements that are 

more faithful to human movements and providing more predictable actions to the human 

operators around the robot’s workspace. Some motion planning algorithms classified as global 

methods, such as sampling-based planners and optimization-based Planners, are presented 

below. 

2.3.1.1 Sampling-based Planners 

Sampling-based motion planning has been one of the most researched path-planning 

methods in recent years. These methods are widely adopted in high-dimensional spaces (Hsu 

et al., 1997). The sample-based methods also referred to as probabilistic methods, use random 

or deterministic sampling functions to explore the configuration space (C-space). The main 

purpose of these planners is to solve path-planning problems by constructing graphs or trees 

through the connection of sampled configurations (Choset et al., 2005). Therefore, these 

planners can be divided into two main phases: the first phase involves sampling the 

configuration space to create a roadmap, and the second is searching this roadmap to find an 

optimal path (Barland, 2012). Among all types of planners, the most popular are the 

Probabilistic Roadmap (PRM) and the Rapidly Exploring Random Tree (RRT) (Elbanhawi & 

Simic, 2014). 

2.3.1.1.1 Probabilistic Roadmap Method  

The Probabilistic Roadmap Method (PRM), introduced by Kavraki et al. (1996), is a 

planning method that searches for free collision paths for robotic manipulators with many 

degrees of freedom (DoF), known for effectively solving complex motion planning problems. 
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This method involves creating a roadmap (a graph) in the configuration space and searching 

for the optimal path.  Thereby, the algorithm comprises two distinct phases: the learning 

phase and the query phase. In the learning phase, the algorithm constructs a probabilistic 

roadmap by continuously generating numerous random configurations within the robot’s 

Collision-free space (Cfree). These collision-free configurations are represented as nodes in a 

graph, and due to a local planner, free collision paths are calculated by binding the nearby 

configurations (nodes) together, generating the edges of the roadmap. The query phase 

consists of finding the most feasible path between a specified initial configuration (qinit) and 

a final configuration (qgoal) on the roadmap created in the learning phase. The method 

attempts to find the nodes on the roadmap closest to the nodes representing the initial and 

final configurations and then establishes a connection between those nodes. Subsequently, a 

path-finding algorithm is performed to find the shortest path between the configurations. An 

advantage of the PRM algorithm is the ability to handle many types of robots with arbitrary 

DoF, and it doesn’t require detailed information about the robot’s configuration space. It only 

requires the ability to verify whether a given configuration is collision-free. Figure 8 shows an 

example of the construction of a roadmap. 

 

 

Figure 8 - Example of building a roadmap on a robot. Obstacles are represented in blue. Adapted from (Eric O. Scott, 2015). 

 

There have been several extensions to the PRM planner over the years, such as the 

Lazy PRM algorithm developed by Bohlin & Kavraki (2000) In this method, the collision 

checking is only carried out after a path between the initial and final configurations is found, 

significantly reducing computational time in many scenarios. To do this, this approach initially 

considers that all the roadmap nodes and edges are collision-free before searching for the 

shortest path, and only afterward are the nodes and edges checked for collisions. 
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2.3.1.1.2 Rapidly Exploring Random Tree 

The Rapidly Exploring Random Tree (RRT) developed by LaValle (1998) was designed 

to solve motion planning problems with algebraic and differential constraints in high-

dimensional spaces. This probabilistic method creates a graph in the shape of a tree that is 

expanded rapidly within the robot’s configuration space. To implement this method, defining 

the environment, the initial and goal points, and the maximum number of samples is 

necessary. The tree is rooted from the initial state and grows incrementally by selecting and 

connecting random points until it either reaches the goal position, the number of iterations, 

or the planning time expires (Kang et al., 2019). A new point, corresponding to a new robot 

state, is randomly generated for each iteration. The nearest point to the tree is searched, and 

a local planner attempts to extend the tree to the sampled point. If the new point is collision-

free, it is added to the tree, creating a new branch. When the algorithm is unable to find a 

solution in some instances, the problem can be addressed by executing the algorithm with 

more samples. Unlike the PRM, which requires the construction of a roadmap and the 

connection of nearby configurations, in the RRT, the samples are obtained uniformly, causing 

the tree to grow into regions of the collision-free space that have not yet been explored. As a 

result, RRT is widely used in high-dimensional spaces and nonholonomic and kinematic motion 

planning tasks (Gasparetto & Zanotto, 2010). The RRT planner is often faster than the PRM 

planner because it focuses on finding the nearest neighbor point for each iteration. At the 

same time, the PRM searches through multiple neighbor points around a random sample. 

Figure 9 illustrates an example of the construction of a configuration tree. 

 

 

Figure 9 - Example of the building of an RRT tree. Adapted from (Barland, 2012). 

 

2.3.1.1.3 RRT-Connect 

The RRT-Connect algorithm, developed by Lavalle & Kuffner (2000), also known as 

bidirectional RRT, was designed for efficient single-query path planning. This approach rapidly 
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finds solutions by exploring the configuration space with two random trees that grow toward 

each other with a simple heuristic. The algorithm starts by creating two trees: one “forward” 

tree rooted in the initial robot configuration and the other “backward” that starts at the goal 

configuration. In this single-query probabilistic planner (B. Sciavicco & Oriolo, 2009) the trees 

expand incrementally by selecting a sample of the Cfree. One of the trees then reaches out 

toward the sample, creating a new configuration. The algorithm attempts to connect the 

configuration to the nearest vertex of the other tree through a “Connect” function that 

iteratively tries to link the two trees. If an obstacle is found in the connection, the trees switch 

roles, and the algorithm starts the next iteration. RRT-Connect is considered probabilistically 

complete, which means that the probability of finding a solution increases with longer 

planning time. It is also usually faster than the standard RRT, especially in less cluttered 

environments, mainly because it focuses on connecting the two trees, while RRT explores with 

a single tree until it reaches the goal state.    

2.3.1.1.4 RRT* 

The Rapidly Exploring Random Tree Star (RRT*) algorithm developed by Karaman & 

Frazzoli (2011) is a variation of the single-tree RRT algorithm designed to ensure feasible and 

optimal paths according to a specified cost function. RRT* addresses the asymptotic 

optimality, which means that as number of samples increases, the probability of finding the 

optimal path approaches one. This algorithm modifies the RRT by introducing a process that 

continuously rewires the search tree. For each iteration, the algorithm starts by considering 

that the minimal cost connection will come from the closest sample to the tree. Therefore, a 

new sample point is added to the tree, and the connections of nearby configurations are re-

evaluated to ensure that they contribute to the most cost-effective path. This iterative process 

is continuously optimized until an optimal path is found. Although the RRT* provides 

significantly better solutions, it requires increased computational cost since the process of 

rewiring the tree demands additional calculations, leading to longer computational times and 

a slower convergence rate. Nevertheless, adding asymptotic optimality in this sampling-based 

method increases the time complexity by only a constant factor over the standard RRT and 

still provides better paths. 

2.3.1.2 Optimization-based Planners 

Optimization-based planners address motion planning tasks as optimization problems, 

where the goal is to compute the most efficient trajectory that satisfies a set of constraints 
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related to the robot. To find an optimal trajectory, an object function must be defined, with 

the user selecting what parameters wants to optimize, such as time, energy, or other factors 

(Barland, 2012). These planners often use either gradient-based methods, which optimize by 

incrementally adjusting the trajectory, or non-gradient methods, which explore a broader 

range of possible solutions (Lynch & Park, 2017). Although these methods are widely used due 

to their capacity to generate trajectories that optimize cost, these approaches don’t always 

ensure an effective solution. Among the several trajectory optimization approaches, some 

techniques stand out. 

2.3.1.2.1 Covariant Hamiltonian Optimization for Motion Planning 

Zucker et al. (2013) introduced an optimization-based motion planner named 

Covariant Hamiltonian Optimization for Motion Planning (CHOMP) algorithm that uses 

covariant gradient and functional gradient techniques to optimize robot trajectories for 

smoothness and obstacle avoidance. This approach is based on the potential field work of 

Quinlan & Khatib (1993). Unlike most motion planners that treat planning and optimization as 

separate stages in trajectory generation, CHOMP merges these phases through gradient-

based optimization techniques to create an entirely optimizing trajectory.  CHOMP models a 

trajectory as a spring-mass system, where the path internal energy is related to the length and 

smoothness, and the external energy is related to the obstacles. This algorithm seeks to 

identify the most efficient path that minimizes the total energy of the trajectory. The 

trajectory's cost is defined by two components: the smoothness functional of the planner, 

which measures the dynamics quantities of the trajectory, which aims to reduce quantities 

like the squared velocity norm during the execution time, and the obstacle-avoidance 

functional that implements cost functions in the robot’s operational space to keep the 

algorithm complexity low (Gulletta et al., 2021). The planner quickly adjusts the trajectory to 

avoid collisions while optimizing dynamic quantities like the robot's joint velocities and 

accelerations. 

2.3.1.2.2 Stochastic Trajectory Optimization for Motion Planning 

Another optimization-based motion planner, known as Stochastic Trajectory 

Optimization for Motion Planning (STOMP), was developed by Kalakrishnan et al. (2011). This 

algorithm was designed for robotic arms to generate smoothness trajectories that avoid 

obstacles and minimize costs related to constraints in a given time. Unlike gradient 

optimization methods like CHOMP, STOMP doesn´t require gradients for the planning. As 
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mentioned, it optimizes general costs like torque limits, energy, and constraints included in 

cost functions. This planner starts by randomly generating, at each iteration, a set of noisy 

trajectories around an infeasible initial trajectory through a normal probability distribution. 

These noisy trajectories are evaluated based on a cost function that includes terms like 

trajectory smoothness and obstacle avoidance. The results from the evaluation are used to 

iteratively update to a trajectory with lower cost. The higher-cost trajectories contribute less 

to the final optimized path. It is considered that both initial and final arm postures in the 

trajectory are permanent during the optimizing process, and the duration of a given trajectory 

is fixed. STOMP benefits from its ability to quickly compute distance queries and collision costs 

using distance fields and spherical approximations. Since STOMP is not a gradient-based 

approach, it has the advantage of overcoming local minima issues, a common problem in 

CHOMP. Furthermore, practical experiments revealed that STOMP presents a better success 

rate in various manipulation operations than CHOMP. 

2.3.1.3 Human-like Planners 

There is an increasing interest in ensuring that robots collaborate with humans on 

shared tasks. Human-Robot Interaction/Collaboration (HRI-C) is enhanced when robots 

possess an anthropomorphic appearance and exhibit movements similar to those of humans. 

This makes their actions less unpredictable and aids human perception in understanding 

robotic behavior. In other words, humans can intuitively follow a robot's movements and 

anticipate its future actions (Gulletta et al., 2020). Even though probabilistic-based 

approaches have been extensively explored and studied over the past decade, these planners 

usually produce unpredictable trajectories (Rafael & Ferreira, 2022). Unstable movements, 

such as sudden operating speeds by robots, can cause anxiety among nearby humans and 

pose dangers in shared environments (Zacharias et al., 2011). Human-like morphology and 

movement are key characteristics for effective human-robot interactions. Robotic movements 

should be perceived as natural, predictable, and capable of demonstrating the underlying 

intent of the action without the need for verbal communication (Gulletta et al., 2021). 

Therefore, the study of legible and smooth robotic movements has led to the development of 

various human-like approaches inspired by the human motor principles presented below. 

2.3.1.3.1 RULA Criterion with RRT-Connect 

Zacharias et al. (2011) developed a global method for redundant robots using the RULA 

(Rapid Upper Limb Assessment) ergonomic research criterion to generate human-like 
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movements. In this method, the criterion is applied to identify the areas in the workspace of 

a manipulator where it exhibits configurations similar to those of a human. RULA measures 

stress and strain levels in human upper limb postures on a 1 to 7 scale. The lower the RULA 

score, the more natural the robot configuration is (McAtamney & Corlett, 1993). The initial 

and desired configurations of the arm are determined through inverse kinematics guided by 

RULA. Subsequently, the trajectory to move the arm between the two configurations is 

generated using the RRT-Connect sampling algorithm, thereby defining a collision-free 

trajectory. To find the natural configurations, the robot’s dexterous workspace is composed 

of regions with a reachability index for measuring the success in finding inverse kinematics 

solutions. Thereafter, the RULA criterion is applied to this map, where points with high RULA 

scores are excluded, indicating less natural postures. A drawback of this method is that if we 

set a lower RULA score requirement for planning, we will have fewer valid manipulator 

configurations, resulting in fewer inverse kinematics solutions. Additionally, this method also 

overlooks the typical temporal parameterization seen in human movements, leading to an 

unrealistic planning time for the robot. 

2.3.1.3.2 Bi-RRT Algorithm with TAPs 

Xie et al. (2011) introduced the TAP “Target Am Pose” concept for planning human-like 

arm movements in robotic manipulators. Before starting a task, humans project their arm's 

final pose, called TAP. TAPs are defined through a qualitative assessment using performance 

indices that compare the robotic arm's configuration with the human arm's pose in specific 

target positions. In a collision-free path, a minimum jerk model is employed to generate 

smooth movements. To apply the model, the initial posture of the robotic arm, the start point, 

the endpoint, and a set of waypoints must be known. Next, the minimum jerk model creates 

a path for the finger through all these points. TAPs are calculated at each waypoint and target 

position to ensure the robot's movement patterns mimic human arms. The IK-JJL inverse 

kinematics algorithm enables the end-effector to follow the finger path while reaching the 

designated TAPs. In a scenario with obstacles, a global space analysis identifies high-risk 

collision areas. Crucial points are selected to create TAPs for the arm that avoid those 

obstacles. The arm's path is segmented, and the Bi-RRT algorithm is applied to each segment 

to determine a collision-free path. A disadvantage of this solution is the lack of consideration 

for typical human motion velocity profiles, such as the bell-shaped velocity profile (Gulletta et 

al., 2021). 
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2.3.1.3.3 Analytical Inverse Kinematics Solver for Anthropomorphic 7-DOF Redundant 

Manipulators with Human-Like Configuration Constraints 

W. Liu et al. (2017) proposed an analytical inverse kinematics algorithm for seven 

degrees of freedom robot manipulators with shoulder-elbow-wrist (SEW) configuration. This 

algorithm is designed to replicate human configurations from recorded human movements. It 

introduced the concept of key positions, which are cartesian positions of the joints of the 

manipulator. A correspondence method named wrist-elbow-in-line allows mapping key 

positions from human demonstrations to the manipulator. The mentioned key positions 

correspond to the shoulder, elbow, wrist, and end-effector/hand (Figure 10 – (a)). Only the 

key positions of the manipulator's elbow and wrist joints are used as constraints to define the 

robot arm configuration since the key position of the shoulder is known because it’s fixed, and 

the task determines the end-effector. In this method, the key position of the wrist must be 

aligned with the manipulator's elbow and end-effector key positions, ensuring all remain 

within the same reference plane. Additionally, the key position of the manipulator's elbow 

must be as close as possible to the human elbow's key position (Figure 10 – (b)). When 

mapping the key positions from the human demonstration to the robot, the robot's joint limits 

and link lengths must be considered. Therefore, this solution allows the robot’s elbow key 

position to be the closest to the human’s elbow key position by adjusting iteratively the 

robot’s wrist key position until a valid analytical inverse kinematics solution is found. A 

disadvantage of this solution lies precisely in solving the correspondence problem. As a 

strategy of iterating key positions is applied, the robot's configuration ceases to follow a 

human-like posture in areas near the joint limits of the robotic arm. 

 

 

Figure 10 - (a) Kinematic structure of a robot and human arm and their respective key positions; (b) Correspondence 
method wrist-elbow-in-line. Adapted from (W. Liu et al., 2017). 
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2.3.1.3.4 Human-like Upper-limb Motion Planner 

Gulletta et al. (2021) proposed a motion planning algorithm named HUMP - Human-

like Upper-limb Motion Planner. This planner was implemented for point-to-point movements 

and pick-and-place operations, does not require a high computational cost, and contemplates 

biological temporal parameterization through Fitts' Law. In this global method, trajectories 

are pre-planned offline to avoid collisions during the robot’s path before starting its 

movements through sensory input information from the workspace. To provide a smooth and 

human-like motion, the target posture (TP), which corresponds to the robot configuration that 

places the robot’s end-effector in the intended pose, must be chosen to minimize the angular 

jerk of the movement between the robot’s start posture (SP) and the TP.  This movement in 

joints-space is referred to as direct movement (Figure 11 – (a)). If obstacles are anticipated in 

the direct movement, bounce Postures (BP) are selected to facilitate a back-and-forth 

movement, which involves moving from SP to BP and back to SP. In this way, this algorithm 

considers the direct movement and back-and-forth movement, which are used on paths with 

obstacles. When these two movements are combined, a collision-free trajectory is defined 

(Figure 11 – (b)).   In the proposed method, the movement was composed of pick, place, and 

move segments (Figure 11 – (c)). The pick and place movements combine three phases: 

transport, approach, and retreat. The approach phase corresponds to the moment when the 

manipulator moves closer to grasp the object in the pick segment and when the object is 

placed in the desired position in the place segment. Meanwhile, the retreat phase corresponds 

to the moment when the object is lifted in the pick segment and when the manipulator moves 

away from the placement position in the place segment. The move segment includes the 

transport phase, which moves the gripper toward the desired positions. The approach and 

retreat phases are linked by the actions of grasping and ungrasping the manipulated object. 

All these phases require the selection of a TP and the generation of direct movement. The 

transport phase is the only one that involves bounce postures to generate back-and-forth 

movements and subsequently create a composite movement, as it is the only phase that 

considers objects along the path.  



24 
 

 

Figure 11 - (a) Direct movement from start to target; (b) Composite movement; (c) Division of the different phases of the 
pick and place movement. Adapted from (Gulletta et al., 2021). 

 

2.3.2 Local Planners 

The local methods plan the movement online, considering only small portions of the 

workspace obtained immediately. The trajectory is adapted in real-time, making these 

methods suitable for unstable or dynamic cases where the environment may change 

suddenly, requiring continuous trajectory adjustments (da Costa, 2019). Tasks like serving a 

glass of water to a person at a table require this method most of the time due to unpredictable 

changes in the scenario and the uncertainties inherent in the task itself. However, in the local 

approach, since the robot operates in a dynamical environment, due to the real-time collision 

avoidance, the generated movements lose fidelity, making it challenging to meet 

requirements such as kinematic characteristics similar to those observed in human 

movements (Gulletta et al., 2021). Often, the local planner is combined with a global planner 

as a safety measure to avoid unexpected objects that appear in a planned trajectory. The 

global planner generates an initial solution or iteratively optimized solutions during the 

execution, while the local planner is running continuously during the execution (Vemula et al., 

2021). Local planners are crucial, especially in industrial automation, requiring fast responses. 

These planners stand out in tasks where the robotic arm must adjust to unpredictable changes 

and prioritize real-time trajectory adjustments to ensure safety. Therefore, they are widely 

used in collaborative operations with human operators. The following section will address 

some of the most well-known local motion planning algorithms. 

2.3.2.1 Potential Field Approach 

Khatib (1986) introduced the first local method for motion planning, known as the 

potential field method, which is a simple yet effective approach for real-time applications. In 
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this method, the robot is treated as a point particle, and the robot’s configuration space is 

explored and modeled as an artificial field of forces, where the goal configuration has a 

negative virtual potential that exerts an attractive force on the robot and the obstacles around 

possess a positive virtual potential which exerts repulsive forces. The sum of the virtual 

potentials represents the total potential field. Hence, the robot is repelled from the obstacles, 

ensuring that it avoids them during the trajectory, and it is attracted to the final point, creating 

a collision-free path between the initial and goal configuration (Hwang & Ahuja, 1992). A 

simple example of how this planner works can be seen in Figure 12. 

 

 

Figure 12 - Example of a path taken by a robot using the potential field method. Adapted from (Aslan, 2021). 

 

The potential field method is computationally efficient and widely used in robotic 

applications. It allows quick real-time adaptation of the robot´s path without prior knowledge 

of the configuration space and without pre-processing to compute the whole path a priori. A 

drawback of this method is that the robot can become stuck in local minima. This happens 

when the attractive and repulsive forces in the potential field have the same potential and 

balance out, resulting in a zero gradient that can trap the robot in a non-goal position. Several 

strategies, such as discretizing the configuration space (B. Sciavicco & Oriolo, 2009) have been 

studied to solve this problem. 

2.3.2.2 Attractor Dynamics Approach 

Attractor Dynamics is another local method for motion planning that is useful in 

dynamic and unpredictable environments, especially in shared workspaces such as operations 

involving human-robot interaction (Iossifidis & Schoner, 2004). The attractor dynamics 

method was originally developed as a variant of the potential fields approach. In this 
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approach, the dynamical systems are defined by attractor states, which represent the desired 

states and act as attractive forces guiding the system toward the goal, while the obstacles act 

as repulsive vector fields, ensuring collision-free trajectories. Unlike traditional potential 

fields, on attractor dynamics, motion planning is generated using the direction of movement 

rather than just the cartesian position of the robot. The direction of movement comprises two 

heading direction angles that determine the end-effector's trajectory in three-dimensional 

space and the end-effector velocity vector. Rano & Iossifidis (2013) created a human-like 

motion method based on the Attractor Dynamics approach where spherical coordinates, 

which represent components of the direction of the movement, model the movement of the 

robotic manipulator's end-effector. This method was designed to replicate the straight-line 

motion characteristic of human hand movements. The result consists of a smooth collision-

free trajectory continually adjusted according to the target's position and obstacles. An 

advantage of this approach is that it avoids getting stuck in the local minima by focusing on 

the trajectory's direction. However, in environments full of obstacles, the attractor dynamics 

approach faces challenges in ensuring trajectory planarity due to the unevenly repulsive 

effects distributed across the workspace, leading to weakened avoidance.  

2.3.2.3 Dynamic Window Approach (DWA) 

Fox et al. (1997) proposed a local motion planning method named the Dynamic 

Window Approach (DWA) for real-time collision avoidance of mobile robots, which has since 

been adapted for mobile manipulators (Kobayashi & Motoi, 2022). This sampling-based 

algorithm is directly informed by the robot's motion dynamics, and it is suitable for robots that 

operate at high speeds. In this approach, the search space around the robot is reduced to a 

space of velocities known as the dynamic window. Based on the motion equations of the 

robot, DWA generates a set of possible circular trajectories composed of translational and 

angular velocities within the dynamic window, resulting in a two-dimensional velocity search 

phase. Later, the DWA only considers admissible velocities that allow the robot to stop safely 

before colliding with any obstacles, removing the velocity profiles that lead to collisions, as 

the obstacles near the robot impose restrictions on the circular trajectories. The dynamic 

window further restricts the search space to include only velocities that the robot can reach 

within a certain time, given the limited accelerations of the robot. Finally, DWA selects the 

one that maximizes a specific objective function from the remaining velocities. This objective 

function typically measures the robot's forward velocity, the advance along the path, and the 
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distance to the nearest obstacle. This approach helps generate stable and smoother paths for 

the manipulator in static environments compared to other planners like the Time Elastic Band 

(TEB). However, in highly dynamic environments, sudden changes can lead to manipulator 

movements that are less feasible. 

2.3.2.4 Hybrid Joint/Cartesian DMP-Based Approach 

Lauretti et al. (2019) proposed using learning-by-demonstration approaches based on 

Dynamic Movement Primitives (DMPs) to develop robot movements similar to human 

behavior. DMPs are a framework of differential equations designed to model and execute 

robotic movements. The proposed approach is called hybrid joint/Cartesian DMPs (Figure 13), 

which enables obstacle avoidance and provides anthropomorphism in the cartesian and the 

joint space. Initially, human motion trajectories are recorded in Cartesian and joint spaces. 

From the demonstration, distinctive features known as DMP parameters are extracted using 

a regression algorithm. Subsequently, a dataset of joint and Cartesian DMP parameters is 

created (offline construction). When the robot is required to perform one of the learned tasks, 

an online trajectory extraction is made from the set of DMP parameters in the database. Then, 

the Cartesian and joint DMPs are combined using a coupling equation that prioritizes 

Cartesian space constraints and calculates the most appropriate reference joint position. 

Thus, combining these DMPs allows the manipulator to achieve an anthropomorphic 

configuration in both joint and operational space. For trajectories requiring obstacle 

avoidance, additional terms are incorporated into Cartesian and joint DMPs that ensure that 

the end-effector and each manipulator's joint remain free of obstacles within the workspace. 

 

Figure 13 - Block scheme of the Hybrid Joint/Cartesian DMP-Based Approach. Adapted from (Lauretti et al., 2019). 
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2.4 Motion Planning and Control for Autonomous Mobile 

Manipulators 

The MIAR project aims to control an autonomous mobile manipulator using motion planners 

similar to those previously analyzed to perform logistics operations such as material handling. 

The following section presents a study of various case studies that highlight the planning and 

control of movement for mobile manipulators. 

Thakar et al. (2018) proposed a search-based motion-planning approach for mobile 

manipulators to pick, transport, and place parts between machines and workstations in 

warehouses and factories.  The purpose of the motion algorithm is to generate time-optimal 

trajectories for the robotic system.  To do so, the mobile base's and the manipulator's motion 

are taken simultaneously, resulting in smaller time operations and more natural movements 

of the robotic system since the mobile base doesn’t stop the manipulator from grasping the 

items. The mobile base's planning algorithm is based on lattice-based planning for dynamic 

trajectories (Likhachev & Ferguson, 2009), which uses a discrete search of the configuration 

space to create the path. For the manipulator, an inverse kinematics solver computes collision-

free trajectories, considering the manipulator's joint constraints. The position of the mobile 

platform is crucial for achieving the fastest path and allowing the robotic arm to reach and 

grasp the objects effectively.   

Annem et al. (2019) presented a teleoperated mobile manipulator system for machine 

tending tasks and transporting parts within manufacturing environments. The approach 

results in a combination of semi-autonomy and remote human control.  The human operator 

gives high-level instructions to the mobile manipulator, such as waypoints for the mobile base 

motion, and sets poses for a 6 DOF manipulator arm equipped with a two-fingered gripper. 

The mobile base and manipulator comprise multiple sensors to ensure accurate localization 

on the map and effective obstacle avoidance, respectively. The environment map is made 

beforehand for the mobile base trajectory generation, and the planning is based on the 

Dynamic Window Approach (DWA) algorithm. While the mobile base is controlled semi-

autonomously, the manipulator remains in its original configuration. The manipulator’s 
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trajectory is generated through the OMPL library, more precisely, the RRT-Connect planner, 

with the planning framework MoveIt.   

Y. Yang et al. (2018) proposed a novel sampling-based motion planning method 

incorporating a bidirectional search within a time-configuration space. This approach modifies 

the existing RRT-Connect planner by integrating temporal elements. This was designed for 

mobile manipulators, or redundant arms, to execute collision-free trajectories for pick-and-

place operations of large moving objects in complex and non-static environments. However, 

prior knowledge of the moving object is required. A practical example was a mobile 

manipulator that had to pick an object from a moving storage box while navigating.  

Engemann et al. (2020) implemented an autonomous omnidirectional mobile 

manipulator OMNIVIL for flexible logistic operations such as pick, place, and handling. To 

guarantee efficient human-robot collaboration and precise location of the robotic system 

during task execution, the mobile manipulator comprises a workspace monitoring system and 

a set of sensors like 2D and 3D LiDARs and RGB cameras. The control system is divided into 

lower and higher-level tasks. In the lower level, a PLC controls the servo motors of the mobile 

base, while in the higher-level control, an industrial computer connects to the PLC and the 

control unit of the robot arm via ethernet. This system provides autonomous navigation, 

workspace monitoring, and motion planning of a 6 DOF arm through ROS control. In the 

workspace monitoring system, the human co-workers are detected, as well as their 2D 

position, enabling the robot to react preventively to the workspace, reducing its velocity and 

stopping or changing its planned path. The autonomous navigation is planned using A* or 

Dijkstra algorithm, while the arm’s motion planning is obtained by the RRT-Connect planner 

using the MoveIt library.  

Saoji & Rosell (2020) presented a planning framework for the motion planning of 

mobile manipulators in dynamic operational environments. In this approach, the Open Motion 

Planning Library (OMPL) is used for motion planning, while the Fast Forward (FF) task planner 

is employed for task planning, which uses heuristic search to determine the optimal sequence 

of actions required to complete a task. Both planning levels are implemented by ROS servers. 

Given the efficient results, they used the planner RRT-Connect to plan the motion of both the 

manipulator and the mobile base in the pick-and-place task, even though the planning was 

conducted separately for each.  
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Rastegarpanah et al. (2021) proposed a generic framework designed to automate the 

process of removing and sorting components from electric vehicle batteries with the help of 

mobile manipulators. The framework enables mobile manipulators to pick up components 

from a table and place them in the correct bins. The framework comprises navigation, where 

the robot moves around the workstation, considering the objects in the environment to reach 

the intended locations. The navigation is handled through a global and local planner approach.  

The global method uses laser scan sensors that recreate the workspace in a 2D grid map, and 

the mobile base planning is solved by the A* algorithm. The RRT planner plans the 

manipulator's trajectory with an inverse kinematics solver to generate a collision-free path. 

The gripper's grasping actions are controlled via ROS.  
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3 Theoretical Foundations and Development Tools 

This chapter provides the necessary theoretical background to support the concepts applied 

in this dissertation. Firstly, it aims to clarify some basic concepts of motion planning that are 

essential for the project’s development.  While the previous chapter provided an overview of 

motion planning and included examples of various planners, Section 3.2 highlights the 

importance of selecting an appropriate motion planner for manipulation tasks and details the 

planners deployed in the MIAR project. This chapter also introduces the manipulator used in 

the MIAR project, offering a comprehensive examination of its kinematics properties through 

the discussion of both forward and inverse kinematics.  At last, this chapter offers a 

comprehensive overview of the software and frameworks utilized in the context of this 

dissertation.  

3.1 Fundamental Concepts of Motion Planning  

Within the scope of motion planning, it is important to differentiate two concepts: path 

planning and trajectory planning. Path planning is a component of the broader motion 

planning problem aimed at determining a collision-free path between two configurations in 

the world space without concern for dynamics, the duration of motion, or other constraints 

(Lynch & Park, 2017). On the other hand, Trajectory planning not only deals with geometric 

(kinematical) problems but also with dynamic problems, such as managing the system's 

masses, inertias, actuator limits, and external forces (Choset et al., 2005).  It also considers the 

temporal aspect of motion planning. Trajectory planning uses the path obtained from path 

planning that indicates the position and orientation of points in cartesian space and joint space 

and determines the time profiles of position, velocity, and acceleration for each link, which 

are then provided to the controllers within the robot’s control system. The complexity of 

motion planning increases with the number of degrees of freedom (DOF) in the robot. As the 

number of paths between the start and goal position increases, so does the number of 

trajectories, making the problem significantly more challenging and requiring greater 

computational power. A scheme illustrating how robot motion planning works can be shown 

in Figure 14. 
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Figure 14 – Schematic representation of robot motion planning. Adapted from (S. Liu & Liu, 2020). 

 

It is important to highlight that the generated planning can occur in two different 

spaces: Cartesian Space (also known as Task Space or Operational Space) and Joint Space or 

Configuration Space. The operational space refers to the three-dimensional cartesian space 

that defines the position and orientation of a robot’s end-effector. The joint space is defined 

by a vector of joint coordinates, whose components are the translational and angular 

displacements of each joint of a robotic link. Usually, planning movements in Cartesian space 

requires less computational effort because the trajectories are defined by position and 

orientation coordinates. In contrast, the joint space has a higher dimensionality, as it depends 

on each joint of the robot. Since these joints are independent, the search for a motion solution 

involves a larger search space (Gulletta et al., 2020). 

Regarding the operational and joint spaces, the workspace is defined as the subset of 

the task space that the end-effector's frame can reach. In other words, the workspace of a 

manipulator is described as a set of points that can be reached by its end-effector and depends 

on the length of the links and the joint limits. The workspace can further be decomposed into 

Reachable Space, which consists of the volume of the workspace that the robot can reach 

from at least one orientation, and dexterous space, which is the volume of the workspace that 

the robot end-effector can reach in any orientation. The dexterous workspace is a specific part 

of the reachable workspace. By default, when calculating the workspace of a manipulator, the 

end-effector is dictated by the end of the last link of the robot. However, depending on the 

task, the end-effector can vary.  For example, in the MIAR Project, the manipulator needs to 

grasp a set of boxes, so the end-effector, in this case, is the gripper. Thereby, the workspace 

depends on the tool-frame transformation (Figure 15) that is attached to the tip of the 

manipulator (Craig, 2017).  
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Figure 15 - The representation of a robot's tool frame in relation to the base frame. Adapted from (Craig, 2017). 

 

3.2 Motion Planners Utilized in the MIAR Project 

Selecting the most appropriate motion planning algorithm is necessary for a robotic 

manipulator to execute collision-free paths successfully.  However, the selection of the most 

suitable planner is a difficult assignment since there are numerous effective strategies 

available for motion planning problems. There isn’t a single global planning algorithm suitable 

for every type of motion planning problem, and all the methods have their weaknesses and 

strengths (Lynch & Park, 2017). When selecting a motion planning method for robotic systems, 

several critical factors must be considered to ensure the method is appropriate for a specific 

application (LaValle, 2006). These factors include: trajectory distance, shorter trajectories 

often lead to faster task completion; execution time, minimizing cycle time directly impacts 

productivity in industrial settings; computational complexity, certain algorithms have longer 

processing times, which can slow down the entire system;  planning approach, whether it 

involves creating a solution based on the robot’s environment before the trajectory is initiated 

or building the trajectory dynamically as the robot moves; robot’s dynamic constraints; and 

the nature of the obstacles, whether the obstacles are rigid or deformable (Gomes De Brito, 

2018). 

As already stated, the main focus of this dissertation is to develop legible motions for 

a redundant manipulator in internal logistics tasks, so the selection of the ideal motion planner 
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is a topic of crucial importance in the development of this work. The manipulator has to 

operate in a restricted space where the placement of the boxes in the access ramps presents 

a significant challenge. As a result, it is required to create a full trajectory representing all the 

operations of pick or place, considering all the obstacles within the manipulator’s workspace 

that could affect its planning. Given the nature of these environments, a global motion planner 

is used to execute the intended tasks.  

Although the collaborative manipulator will operate in an environment shared with 

human operators, it will not perform collaboratively directly with them. In other words, the 

manipulator will not directly interact with the agents around it.  Hence, this project excludes 

the use of human-like planners, as the primary goal is to generate safe and smooth trajectories 

for the manipulator while ensuring it can complete tasks in the shortest time possible, which 

is critical to meet work deadlines. Human-like planners are typically slower and demand 

greater computational resources, making them less suitable for this application. 

The global planners used in this project are the RRT, RRT-Connect, RRT*, T-RRT, Bi-

TRRT, PRM*, LazyPRM*, ProjEST, BiEST, and KPIECE. The planners will be presented in more 

detail next, except for the RRT, RRT-Connect, and RRT* planners, which have already been 

analyzed in Chapter 2.3.  

3.2.1 PRM* 

PRM* is an advanced version of the standard sampling-based motion planning 

algorithm PRM designed to find optimal paths in high-dimensional configuration spaces. This 

extended method approaches optimality by systematically increasing the number of 

connection attempts as the roadmap expands. As already explained, the Probabilistic 

Roadmap strategies generate nodes through random samples of the robot’s configuration 

space. While PRM connects each node to its nearest neighbors from a fixed radius, PRM* uses 

a sphere with a connection radius for each newly sampled node. The radius of these spheres 

is scaled logarithmically based on the number of neighboring nodes around the new node 

(Karaman & Frazzoli, 2011).  This method ensures that every node is linked to enough 

neighbors, facilitating the discovery of shorter paths. Therefore, this approach makes the 

roadmap by connecting the nodes within the specified radius. The algorithm uses graph search 

techniques, like Dijkstra's or A* algorithms, to find the shortest path between the start and 

goal configurations within the roadmap. In this planner, the phases of building the roadmap 
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and searching occur simultaneously, and like the RRT* planner, PRM* is also considered 

asymptotic optimality (Alandes, 2015). 

3.2.2 LazyPRM*  

The LazyPRM* is an asymptotically optimal sampling-based motion planning algorithm 

that uses lazy collision checking to enhance pathfinding efficiency in high-dimensional 

configuration spaces, meaning that it only defers collision checks on an edge when it is part of 

a potential candidate path. As the name suggests, this is a version of PRM* (Hauser, 2015). 

While PRM* performs collision checks during the roadmap construction phase, leading to 

higher computational costs, Lazy PRM integrates lazy collision checking. Still, it does not 

guarantee optimality, LazyPRM* incorporates lazy state validity checking into the PRM* 

planner. This algorithm creates random nodes, and each node is connected to its neighbors 

based on a connection radius to discover optimal paths. Unlike PRM*, the edges between the 

nodes aren´t immediately checked for collisions. Edges are assumed to be initially valid and 

are checked only when a candidate's path to the goal is found. If an edge is detected to be in 

collision in the checking, it is removed from the roadmap, and alternative paths are explored. 

This strategy avoids many edges that cannot be on an optimal path, significantly reducing 

computational overhead. 

3.2.3 KPIECE 

The Kinodynamic Planning by Interior-Exterior Cell Exploration (KPIECE) algorithm (I. 

Sucan & Kavraki, 2008) is a sampling-based motion planner specifically designed to handle 

systems with complex dynamics. Unlike the vast majority of planners, which require explicit 

state sampling, KPIECE projects the high-dimensional state space onto a one or multi-level 

grid-based discretization, creating a set of cells that represent different regions of the space. 

This discretization guides the planner in estimating the coverage of the state space and allows 

for identifying underexplored areas. Since KPIECE is a tree-based planner, it creates a tree of 

motion from the initial state that grows through the cells, connecting feasible new states. As 

new states are added, KPIECE updates the coverage information for the corresponding cells 

and adjusts its exploration strategy to concentrate on areas of the grid with less coverage. 

During the exploration, the algorithm distinguishes between interior cells, surrounded by 

explored cells, and exterior cells, which are on the boundary of the explored regions. By taking 
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preference on exterior cells, KPIECE expands the boundaries of the explored space, promoting 

a complete exploration. The process continues until a path from the initial state to the goal 

region is found. 

3.2.4 T-RRT 

The Transition-based Rapidly Exploring Random Tree (T-RRT) is a sampling-based 

motion planning algorithm that computes paths in high-dimensional cost spaces by combining 

randomized path planning and stochastic optimization methods (Jaillet et al., 2010). This is an 

extended version of the RRT algorithm, which utilizes the exploratory strengths of the planner 

to navigate through the space. T-RRT incorporates a stochastic transition test to guide the 

exploration toward lower-cost areas within the robot's configuration space. T-RRT uses this 

transition test to decide whether to accept or reject new potential states to the growing tree 

based on the cost function variation relative to the local motion that connects the current 

state to the new potential state (Figure 16). The cost function considered in the costmap can 

represent various criteria, such as energy consumption or the distance to maximize between 

the robot and surrounding objects to create paths with high clearance. Therefore, T-RRT 

favors solutions that minimize the accumulated cost, leading to paths that are considered not 

only feasible but also safe. The planner also has a temperature parameter that is dynamically 

adjusted through the search process and influences the acceptance probability of states. At 

each accepted uphill transition, this parameter is decreased to avoid over-exploring in regions 

of high cost, and in case the uphill transition between the states is rejected, the temperate is 

increased to help the exploration to find new potential states (Devaurs et al., 2013). Thus, this 

algorithm starts by initializing a tree with an initial configuration and setting the initial 

temperature parameter. The algorithm samples a random state, and the existing tree 

attempts to extend toward the sampled state, generating a potential new one. The cost of the 

new state is compared to the cost of the parent state, and the transition test determines the 

acceptance probability based on the cost difference. If the new state is accepted, it is added 

to the tree. At the same time, the temperature parameter is adjusted based on the success 

rate of the state transition, allowing the algorithm to adapt dynamically to the cost map. This 

process repeats until the tree reaches the goal state. Compared to the RRT planner, the T-RRT 

produces better paths because the RRT explores the configuration space to find feasible paths 

but doesn’t consider a cost function. On the other hand, T-RRT isn’t asymptotically optimal, 
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meaning it doesn´t converge towards an optimal solution like the RRT* planner, which aims 

to find the shortest path in configuration space by continuously refining its tree structure. 

Nevertheless, T-RRT offers faster and more feasible paths in high-dimensional spaces than 

RRT*, which can take time to find a solution. 

 

 

Figure 16 - Example of a construction process of the Transition-based RRT planner. The red zones represent high cost area 
of the cost map. Adapted from (Jaillet et al., 2010). 

 

3.2.5 Bi-TRRT 

The Bidirectional Transition-based Rapidly Exploring Random Tree (Bi-TRRT) is an 

adaption of the T-RRT algorithm that merges the advantages of bidirectional search with cost-

sensitive exploration (Devaurs et al., 2013). Similar to the RRT-Connect planner, Bi-TRRT 

considers two growing trees, one rooted from the initial configuration and the other from the 

goal state, and tries to connect them. Each tree explores the cost map independently and has 

its own temperature parameter. The algorithm alternates between growing each tree. At each 

iteration, one of the trees attempts to extend toward a sampled random state of the 

configuration space. Then, the transition test determines whether the new state is accepted 

or rejected based on the cost difference between the new and the parent state. If the new 

state passes the transition test, it is added to the tree, and the other tree tries to expand 

toward this new node. If the trees are unable to connect, they switch roles, and the process is 

repeated. This process continues with the trees alternately expanding toward randomly 

sampled states until the junction is made. While RRT* generally converges to better solutions 

compared to Bi-TRRT, the latter often discovers solutions more quickly.  
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3.2.6 BiEST 

Expansive Space Trees (EST) is a tree-based motion planning algorithm built for robots 

with many DoFs that incrementally builds a roadmap through the configuration space, 

favoring the exploration of less explored areas through the concept of visibility (Hsu et al., 

1997).  The planner comprises the expansion and connection phases, which are iteratively 

executed. In the expansion phase, a node in the tree is selected for expansion based on its 

weight function, which is defined by the number of sampled configurations within its 

neighborhood up to a specified distance threshold. Nodes with lower weights, indicating 

fewer nearby configurations, are prioritized for expansion. This ensures the tree grows toward 

less explored areas, preventing repeated exploration of already covered regions and 

encouraging expansion into new directions. Then, random states are sampled in the 

neighborhood of the selected node of the tree. The group of nodes near the free node that 

can connect in a straight line without encountering obstacles is called the visibility set 

(Alandes, 2015). The planner connects those sampled configurations that contribute to the 

visibility region with the free node, leading to the expansion of the tree. Then, the process 

repeats.  In the connection phase, the algorithm tries to connect the tree to the goal 

configuration. If the connection is not possible, the tree continues to expand. While the PRM 

planner generates random nodes throughout the configuration space and tries to connect 

them, later searching for the best path between the initial and goal nodes, the EST planner 

focuses its exploration solely on the relevant space regions to reach the solution. This 

approach allows the EST to avoid unnecessary computation when creating a roadmap for the 

entire configuration space. Therefore, this planner EST is ideal for single-query path planning 

problems and is well suited for environments with narrow passages.  

The BiEST algorithm is a bidirectional version of the EST planner that explores the 

configuration space by growing two trees simultaneously, one from the start configuration 

and another from the goal configuration. For each tree, it expands toward the node with the 

lowest weight, and random configurations are sampled. The tree expands toward the 

configurations within the visibility region of the selected node. The two trees grow toward 

each other, and when the visibility region of one of the trees intersects with the other, the 

planner attempts to connect the newly added nodes. The visibility region of a tree is the union 

of the visibility regions of all its nodes. As the two trees grow toward each other, the 
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exploration space decreases, allowing the BiEST planner to find solutions more quickly than 

the EST planner. 

3.2.7 ProjEST 

The Projection-based Expansive Space Tree algorithm (ProjEST) is an extended version 

of the EST planner that incorporates a projection function to map the high-dimensional state 

space into a lower-dimensional space (Hsu et al., 1997).  This projection enables ProjEST to 

impose a grid on the projected space, allowing it to focus the expansion of the tree in 

underexplored areas. The algorithm selects nodes for expansion based on a weight function, 

prioritizing regions that are less densely sampled, and uses the projection to guide the 

sampling and connection of the nodes near the tree. The planner uses a default projection 

associated with the state space if no projection is defined. The algorithm attempts to connect 

the tree, which roots from the initial node, to the goal configuration, iterating until a valid 

path is discovered. By reducing the dimensionality of the problem during exploration, ProjEST 

can converge on solutions more quickly than the standard EST planner. 

3.3 Hardware Components 

The robotic arm defined for the motion planning tasks in the scope of the MIAR project 

is the collaborative manipulator KUKA LBR iiwa 14 R820 (Figure 17). This is a redundant 

manipulator with 7 degrees of freedom. A manipulator is considered kinematically redundant 

when it has more degrees of freedom than those strictly necessary to perform a given task. 

Manipulators with 7 DoF are generally redundant, which allows for greater manipulability. The 

reason for using this type of robot in the case study is primarily due to its redundancy, which 

enables more precise and dexterous movements. This is beneficial for performing tasks and  

allowing the robotic arm to exhibit smoother and legible movements. The redundant degree 

of freedom allows the manipulator to perform secondary tasks beyond achieving a specific 

position and orientation, such as avoiding obstacles. The 7-DoF anthropomorphic robot 

features an S-R-S kinematic structure consisting of a spherical shoulder, a rotational elbow, 

and a spherical wrist (Faria et al., 2018).  
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Figure 17 - Joint angles of the KUKA LBR iiwa 14 R820. 

 

This manipulator has a maximum reach of 820 mm, a rated payload of 14 kg, a pose 

repeatability of ±0.15 mm, and a weight of approximately 29.9 kg. It is designed to operate 

within an ambient temperature range of -5°C to 45°C. Additional characteristics, such as axis 

data, are provided in Table 1. 

 

Table 1 - Motion range and speed specifications of the KUKA LBR iiwa 14 R820 joints. 

    Joints    

 A1 A2 A3 A4 A5 A6 A7 

Motion range ±170 ±120 ±170 ±120 ±170 ±120 ±175 

Speed with rated 

payload 
85 º/s 85 º/s 100 º/s 75 º/s 130 º/s 135 º/s 135 º/s 

 

The graphical representation of the manipulator’s workspace can be found in Annex 

A. 

The kinematic analysis of a robotic arm is essential for understanding and controlling 

its motion, enabling it to execute specific operations. Studying the kinematics model of robotic 

arms with 7 DoF can be particularly challenging. This subchapter presents the theoretical 

foundations for solving the Forward and Inverse Kinematics of the project's manipulator. 

3.3.1 Forward Kinematics 

The forward kinematics (FK) involves determining the position and orientation of a 

robotic arm's end-effector based on the robot’s joint configuration. In other words, by using 
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the values from the robot’s joints, the robot’s pose is determined, thus converting from the 

joint space to the cartesian space. The FK of manipulators usually uses the Denavit-Hartenberg 

classic convention (Craig, 2017).  Firstly, in this approach, the manipulator is considered at a 

given position, typically the “zero” position of the robot, where all joint values are zero. Then, 

a coordinate frame is attached to each robot link, from the base to the tip, enumerated from 

0 to n. The coordinate axes assigned to each link are set at the furthest point of the link. The 

z-axis aligns with the joint axis, and its direction is established by the positive direction of 

rotation of the joint if it is a rotational joint or along the motion direction of the link if it is a 

prismatic joint. The x-axis is perpendicular to the z-axis, while the right-hand rule gives the 

direction of the y-axis. Therefore, the representation of the axes on the robot KUKA LBR iiwa 

14 R820 is depicted in Figure 18.   

 

Figure 18 - Assignment of the D-H coordinate frames to each joint of the KUKA LBR iiwa 14 R820 robot. 

 

Subsequently, the D-H parameters are used to describe the position and orientation of 

each link’s frame in relation to the frame of the previous link. These parameters are 

categorized into two types: variables and constants. The variables include θ𝑛, which 

represents the angular rotation relative to the axes 𝑧𝑛−1 and 𝑧𝑛, and 𝑑𝑛, which indicates the 

displacement from frame n-1 to frame n. The constants are 𝛼𝑛, corresponding to the angle 

concerning the axes 𝑥𝑛−1 and 𝑥𝑛, and 𝑙𝑛, which denotes the distance from frame n-1 to frame 
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n. Based on the coordinate system shown above, the D-H table of the manipulator under study 

is illustrated in Table 2. 

 

Table 2 - Denavit-Hartenberg parameters table for the KUKA LBR iiwa 14 R820 robot. 

Link n Variable 𝛉𝒏 𝜶𝒏 𝒅𝒏 𝒍𝒏 

1 θ1 θ1 −
π

2
 L1 0 

2 θ2 θ2 
π

2
 0 0 

3 θ3 θ3 
π

2
 L2 0 

4 θ4 θ4 −
π

2
 0 0 

5 θ5 θ5 −
π

2
 L3 0 

6 θ6 θ6 
π

2
 0 0 

7 θ7 θ7 0 L4 0 

 

For each row in the table, the homogeneous transformation matrix T 
n−1

𝑛is obtained, 

indicating the frame's position and orientation with respect to the prior frame. The matrix is 

calculated by multiplying the transformations of the D-H parameters, prioritizing rotation 

followed by translation, with the z-axis taking priority over the x-axis, as can be seen in 

Equation 3.1. 

 

T 
n−1

𝑛 = Rot(𝑍𝑛−1, θ) Trans(0,0, d) Trans(l, 0,0) Rot(𝑥𝑛, α) = 

 

[

cos (θ) − sin(𝜃) cos (α) sin(𝜃) sin (α) 𝑙 cos (θ)

sin (θ) cos(𝜃) cos (α) − cos(θ) sin (α) 𝑙 sin (θ)
0 sin (α) cos (α) 𝑑
0 0 0 1

] 

 

3.1 
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In turn, the matrices are “chained together” (Alberto & Borges, 2022) through the 

product of the homogenous matrices to create the general transformation matrix, which 

indicates the pose of the robot relative to the base (Equation 3.2). 

 

T 
0

7 = T 
0

1 T 
1

2 T 
2

3 T 
3

4 T 
4

5 T 
5

6 T 
6

7   3.2 

 

The individual homogenous matrices of the robot KUKA LBR iiwa 14 R820 can be 

checked in Equation 3.3, where L1 (link 1) is the distance from the robot’s base to its shoulder, 

L2 (link 2) is the distance from the shoulder to the elbow, L3 (link 3) is the distance from elbow 

to wrist and L4 (link 4) is the distance from wrist to tip/end-effector, respectively (Figure 18). 

 

T 
0

1 = [

cos (θ1) 0 −sin (θ1) 0
sin (θ1) 0 cos(θ1) 0

0 −1 0 𝐿1
0 0 0 1

]  

T 
1

2 = [

cos (θ2) 0 sin (θ2) 0
sin (θ2) 0 −cos(θ2) 0

0 1 0 0
0 0 0 1

]  

T 
2

3 = [

cos (θ3) 0 sin (θ3) 0
sin (θ3) 0 −cos(θ3) 0

0 1 0 𝐿2
0 0 0 1

]  

T 
3

4 = [

cos (θ4) 0 −sin (θ4) 0
sin (θ4) 0 cos(θ4) 0

0 −1 0 0
0 0 0 1

] 3.3 

T 
4

5 = [

cos (θ5) 0 −sin (θ5) 0
sin (θ5) 0 cos(θ5) 0

0 −1 0 𝐿3
0 0 0 1

]  

T 
5

6 = [

cos (θ6) 0 sin (θ6) 0
sin (θ6) 0 −cos(θ6) 0

0 1 0 0
0 0 0 1

]  

T 
6

7 = [

cos (θ7) −sin (θ7) 0 0
sin (θ7) cos(θ7) 0 0

0 0 1 𝐿4
0 0 0 1

]  
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The position of the end-effector is represented by the first three rows of the fourth 

column of the matrix T 
0

7 derived from the Equation 3.2. Its orientation is determined by the 

rotation transformation matrix, which aligns with the matrix's first three rows and columns. 

The end-effector's orientation relates to the joint movements of the robot's wrist. This 

orientation is described by the accumulation of three rotations around the z, y, and x axes in 

relation to the base frame, known as Roll, Pitch, and Yaw. Specifically, Yaw (ϒ) refers to the 

rotation around the x-axis, Pitch (β) corresponds to the rotation around the y-axis, and Roll 

(α) pertains to the rotation around the z-axis. According to the Euler convention, the rotation 

matrix through the general orientation transformation of the Roll-Pitch-Yaw type is obtained 

by Equation 3.4. 

 

R𝑋𝑌𝑍 (ϒ, β, α) = R(𝑍, α) R(𝑌, β) R(X, ϒ) = 

 

[

cos(α) cos (β) cos(α) sin(𝛽) sin (ϒ) − sin(𝛼) cos (ϒ) cos(α) sin(β) cos(ϒ) + sin(α) sin (ϒ)

sin(𝛼) cos (β) sin(α) sin(β) sin(ϒ) + cos(α) cos (ϒ) sin(α) sin(β) cos(ϒ) − cos(α) sin (ϒ)

−sin (β) cos(𝛽) sin (ϒ) cos(𝛽) cos (ϒ)

] 

 

3.4 

Therefore, the three angles can be computed by the following Equations 3.5, 3.6 and 3.7. 

 

α = 𝑎𝑡𝑎𝑛2(𝑟21, 𝑟11) 3.5 

β = 𝑎𝑡𝑎𝑛2(−𝑟31, √𝑟322 +  𝑟332) 3.6 

ϒ = 𝑎𝑡𝑎𝑛2(𝑟32, 𝑟33) 3.7 

 

If the angle β = ±90º, the solution degenerates.  A possible convention is to consider the α 

angle equal to 0, as presented in Equations 3.8 and 3.9. 

 

β = 90º → 

 

{
α = 0

ϒ = 𝑎𝑡𝑎𝑛2(𝑟12, 𝑟22) 

 

3.8 

β = −90º  → 

 

{
α = 0

ϒ = −𝑎𝑡𝑎𝑛2(𝑟12, 𝑟22) 

 

3.9 

 

In this way, the pose of the robot's end-effector is obtained (Equation 3.10).  
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𝑝 
0

7 = (𝑥𝑒, 𝑦𝑒, 𝑧𝑒, ϒ, β, α) 3.10 

 

Since this robot has 7 DoF, it is considered a redundant robot. Robots with a redundant 

degree of freedom exhibit greater manipulability, being able to execute operations while 

taking into consideration obstacles, joint limits, and singularities avoidance (Faria et al., 2018). 

For a given pose of the robot’s tip, the elbow can rotate along a circular arc whose normal 

vector is aligned with the axis running from the shoulder to the wrist. Hence, the concept of 

the redundancy circle emerged, referring to the redundant motion space of the elbow in these 

types of manipulators. Determining the elbow position is essential for solving the FK problem. 

To achieve this, the parameter known as the arm angle (Ѱ), presented by Hollerbach (1985) 

specifies the elbow position in the redundancy circle. The arm angle is the angle spawned by 

the plane of the real arm’s shoulder, elbow, and wrist positions (SEW plane) and a virtual plane 

of these joints in a non-redundant image of the manipulator by restricting the value of the 

joint 3 to zero (SEWv), that serves as the reference plane (Shimizu et al., 2008). The illustration 

of the arm angle is depicted in Figure 19. To obtain the elbow position, it is essential to know 

the values of the virtual joints θ1𝑣, θ2𝑣, θ3𝑣 and θ4𝑣, once these are the angles that guarantee 

that the virtual manipulator has the same tip pose as the real manipulator. As mentioned 

earlier, in the virtual manipulator θ3𝑣 is 0 and θ4𝑣 is equal to θ4 because the positions of the 

shoulder and wrist in the virtual and real manipulator are the same (Alberto & Borges, 2022). 

As a result, θ1𝑣 and θ2𝑣 are the only virtual angles that need to be determined in the FK. 

 

Figure 19 - Representation of the arm angle parameter in the redundancy circle. Adapted from (Alberto & Borges, 2022). 
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According to Figure 17, the angle θ1𝑣 is located on the xy plane since the robot’s first 

joint rotates around the horizontal plane. To obtain the angle, it is necessary to determine the 

distance from the robot’s shoulder to its wrist. As the position and orientation of the robot’s 

tip are known due to the general homogenous transformation matrix and the vector from the 

base to the shoulder is 𝑝 
0

2 = [0 0 𝐿1], because the link 1 only rotates axially, then the vector 

from the shoulder to the tip is computed by the Equation 3.11. 

 

𝑝 
2

7 =  𝑝 
0

7 − 𝑝 
0

2 3.11 

 

Since the vector from the wrist to the robot’s tip is 𝑝 
6

7 = [0 0 𝐿4] and the real 

orientation between these two frames can be acquired by the rotation matrix R 
0

7 derived 

from T 
0

7, as presented above in Equation 3.2, the shoulder-wrist vector is calculated using the 

Equation 3.12. 

 

 

𝑝 
2

6 =  𝑝 
2

7 − 𝑝 
6

7 R 
0

7 3.12 

 

The θ1 angle, positioned in the xy-plane, establishes the x and y coordinates of the tip 

and, consequently those of the wrist, and is thus influenced by 𝑝 
2

6,𝑥 and 𝑝 
2

6,𝑦. However, in 

case the vector 𝑝 
2

6 is colinear with the standard unit vector in the direction of the x-axis 

[0,0,1], which means that the wrist of the robot is aligned with the shoulder direction, then 

θ1𝑣 is undefined because 𝑝 
2

6,𝑥 and 𝑝 
2

6,𝑦 are zero. This scenario represents a singularity. To 

address this issue, when such a condition arises, θ1𝑣 takes the value 0. This condition is verified 

by the cross product of both colinear vectors, which must be 0 (Equation 3.13).  

 

θ1𝑣  = {
𝑎𝑡𝑎𝑛2( 𝑝 

2
6,𝑦, 𝑝 

2
6,𝑥),    𝑖𝑓  ‖ 𝑝 

2
6 × [0 0 1]‖ > 0

0,             𝑖𝑓  ‖ 𝑝 
2

6 × [0 0 1]‖ = 0
 3.13 

 

As shown in Figure 20, the virtual joint θ2𝑣  is based on the projection of the shoulder-

wrist vector on the z-axis and the xy-plane, but it also depends on the angle Ф, the latter being 

determined by the law of cosines (Equation 3.14).  
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Ф = arccos (
𝑑𝑠𝑒

2 + ‖ 𝑝 
2

6‖
2

− 𝑑𝑒𝑤
2

2 𝑑𝑠𝑒 ‖ 𝑝 2
6‖

) 3.14 

 

 
 

 

Figure 20 - Illustration of the virtual manipulator used to calculate FK. Adapted from (Faria et al., 2018). 

 

Depending on whether the elbow of the robot is upwards or downwards, the value of 

θ2𝑣 will differ. That being said, another parameter, called Global Configuration (GC), is 

considered. This parameter is associated with specific joints and takes a value of 1 if the joint's 

configuration is positive and -1 otherwise. In this case, if the elbow is up (θ4> 0), the GC will 

be 1, and if the elbow is down, the GC will be -1 (Equation 3.15). 

 

θ2𝑣 =  atan2 (√ 𝑝 2
6,𝑥

2
+  𝑝 2

6,𝑦
2

, 𝑝 
2

6,𝑧) + 𝐺𝐶4Ф 3.15 

 

With the virtual angles known, the virtual position of the robot's shoulder ( 𝑝 
0

4𝑣) can be 

determined by applying the previously described FK process to obtain the homogeneous 

transformation matrix T 
0

4𝑣. Given that, the shoulder and wrist positions are identical in both 

the real and virtual configurations, as seen in Figure 19, the vectors linking the base to the 

shoulder ( 𝑝 
0

2 and 𝑝 
0

2𝑣) and the base to the wrist ( 𝑝 
0

6 and 𝑝 
0

6𝑣) are therefore equivalent. The 

only difference lies in the vectors linking the base to the elbow ( 𝑝 
0

4and 𝑝 
0

4𝑣) owing to the 

different elbow positions in the real and virtual manipulators. As the arm angle is defined as 
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the angle between the two planes: SEW and SEWv, the parameter will be computed by 

calculating the angle between the normal vectors of these planes.  

The cross-product of two vectors spawns a vector that is orthogonal to both. The normal 

vector of the plane SEW can be determined by the cross-product of the vectors belonging to 

the plane, namely the vectors linking the shoulder to the elbow ( 𝑝 
2

4) and the elbow to the 

wrist ( 𝑝 
2

6) (Equation 3.18).  

 

𝑝 
2

4 = 𝑝 
0

4 − 𝑝 
0

2 3.16 

 

𝑝 
2

6 = 𝑝 
0

6 − 𝑝 
0

2 3.17 

 

𝑉𝑆𝐸𝑊 = 𝑝 
2

4 × 𝑝 
2

6 3.18 

 

The normal vector for the plane SEWv is through the vectors 𝑝 
2

4𝑣 and 𝑝 
2

6𝑣 (Equation 3.21). 

 

𝑝 
2

4𝑣 = 𝑝 
0

4𝑣 − 𝑝 
0

2𝑣 3.19 

 

𝑝 
2

6𝑣 = 𝑝 
0

6𝑣 − 𝑝 
0

2𝑣 3.20 

 

𝑉𝑆𝐸𝑊𝑣 = 𝑝 
2

4𝑣 × 𝑝 
2

6𝑣 3.21 

 

Before formulating the arm angle, it is important to find whether the parameter is 

positive or negative. The cross product of the normal vectors defined in Equations 3.18 and 

3.21 generates a vector that is collinear with the vector that connects the shoulder to the wrist 

( 𝑝 
2

6). If these vectors have the same direction, the sign of the arm angle is positive, otherwise, 

it is negative. To conclude, the arm angle results from the dot product to the two normal 

vectors VSEW and VSEWv (Equation 3.22). 

 

Ѱ = 𝑠𝑖𝑔𝑛Ѱ arccos(𝑉𝑆𝐸𝑊𝑣̂ ∙ 𝑉𝑆𝐸𝑊̂) 3.22 
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3.3.2 Inverse Kinematics 

The inverse kinematics (IK) consists of finding the joint values of the robot based on 

the position and orientation coordinates of the end-effector, that is, there is a conversion from 

the cartesian space to the joint space. As previously indicated, 7-DOF manipulators are 

generally redundant, and this redundancy problem is addressed in the IK. As the target pose 

is specified by six variables (three for position and three for orientation), it becomes necessary 

to solve a system of six nonlinear equations involving seven unique variables corresponding 

to the robotic arm's joints. This results in an indeterminate system, indicating that the inverse 

kinematics problem is under-constrained. Faria et al. (2018) proposed an analytical approach 

for solving the inverse kinematics of 7-DOF manipulators designed to prevent joint limits and 

singularities. For this purpose, beyond the coordinates of the desired pose, the parameters 

arm angle (Ѱ) and global configuration (GC) are introduced as inputs to the problem. Thus, 

solving the arm's inverse kinematics requires these three variables, whereby for a given target 

pose, the desired arm angle is specified, along with the GC values for the shoulder, elbow, and 

wrist joints (values of 1 or -1), indicating whether θ2, θ4, and θ6 are positive or negative. In IK 

for 7-DOF manipulators, there are eight possible solutions for a specific hand pose and known 

arm angle: four with the elbow (θ4) bent backward and another four with the elbow bent 

forward. Within each of these eight configurations, there is an infinity of possibilities in the 

null space due to the seventh degree of freedom, which allows continuous movements of the 

robot without affecting the end-effector’s pose. 

According to Faria et al. (2018), to determine the real joints of the robot, it is necessary 

to first calculate the value of joint θ4, as it is the only joint independent of the arm angle 

parameter. As such, by applying the Equation 3.12 again, it´s possible to have the real 

shoulder-wrist vector. Since the shoulder position doesn’t change relative to the base, the 

vector 𝑝 
0

2 remains the same as the virtual one, the vector 𝑝 
0

7 is derived from the desired 

position, the matrix R 
0

7 is established using the desired orientation of the robot’s end-

effector (Yaw, Pitch, Roll) and the Roll-Pitch-Yaw transformation matrix (Equation 3.4), and 

the vector 𝑝 
6

7 is once again the vector that links the wrist to the end-effector by the z-axis. 

Thus, based on Figure 20, the angle θ4 is achievable through the law of cosines. As 

mentioned earlier, in the IK, the GC is an input that describes the robot's configuration.  Since 

the remaining joint angles depend on the upward or downward orientation of the robot's 
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elbow, it is essential to introduce the GC4 parameter in Equation 3.23 to specify whether θ4 

will be positive or negative. 

 

θ4 = 𝐺𝐶4 arccos (
‖ 𝑝 

2
6‖

2
− 𝑑𝑠𝑒

2 − 𝑑𝑒𝑤
2

2 𝑑𝑠𝑒 𝑑𝑒𝑤
) 3.23 

 

In order to discover the other joint angles, the real manipulator´s elbow position must 

be found. To accomplish this, it is first calculated the pose of the virtual elbow, using the 

process previously applied in the FK, whereby θ1𝑣, Ф angle and θ2𝑣 are determined with the 

help of Equations 3.13, 3.14 and 3.15. It is important to remind that the value of the virtual 

joint θ3𝑣 is zero. The pose of the virtual elbow is dictated by the T 
0

3𝑣 or T 
0

4𝑣 matrices through 

the D-H convention, where R 
0

3𝑣  or R 
0

4𝑣 represent the orientation of the frames in the elbow 

presented in the Figure 18. 

Considering that the arm angle defines the angle between the real arm configuration 

and its virtual/non-redundant configuration, the real elbow pose will correspond to the virtual 

elbow pose when rotated by an Ѱ angle around the axis passing through the elbow and wrist 

(Equation 3.24).   

 

𝑅 
0

3 = 𝑅 
0

Ѱ 𝑅 
0

3𝑣 3.24 

 

Given this logic, Rodrigues's rotation formula can be used to convert the virtual elbow pose to 

the real elbow pose. The Rodrigues's rotation formula allows the rotation of the vectors from 

the rotation matrix around a specified axis by a given angle (Equation 3.25). 

 

R = I3 + (sin 𝜑) 𝐾 + (1 − cos(𝜑)) 𝐾2 3.25 

 

, where I3 is the identity matrix, 𝜑 is the rotation angle around the axis, and K is the cross-

product matrix associated with the unit vector k, that represents the rotation axis. Applying 

this formula to the case study results in the following Equation 3.26. 

 

𝑅 
0

Ѱ = I3 + (sin Ѱ)  [ 𝑝 2
6 ̂ ×] + (1 − cos(Ѱ)) [ 𝑝 2

6 ̂ ×]
2
 3.26 
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Replacing the Equation 3.26 on the Equation 3.24, 𝑅 
0

3 can be formulated as follows: 

 

𝑅 
0

3 = 𝐴𝑠 sin(Ѱ) + 𝐵𝑠 cos(Ѱ) +  𝐶𝑠 3.27 

 

, where: 

 

𝐴𝑠 = [ 𝑝 2
6 ̂ ×] 𝑅 

0
3𝑣 

𝐵𝑠 = −[ 𝑝 
2

6 ̂ ×]
2

 𝑅 
0

3𝑣 

𝐶𝑠 = [ 𝑝 2
6 ̂ 𝑝 2

6 ̂ 𝑇] 𝑅 
0

3𝑣 

 

 

The matrix 𝑅 
0

3 can also be expressed using the Denavit-Hartenberg convention (Equation 

3.28) through the multiplication of T 
0

1, T 
1

2 and T 
2

3,  as previously detailed.  

 

R 
0

3

= [

cos(𝜃1) cos(θ2) cos(𝜃3) −  𝑠𝑖𝑛(θ1) 𝑠𝑖𝑛(θ3) cos(𝜃1)  𝑠𝑖𝑛(θ2) cos(𝜃3)  𝑠𝑖𝑛(θ1) + cos(𝜃1) cos(θ2) sin(𝜃3)

cos(𝜃1)  𝑠𝑖𝑛(θ3) + cos(𝜃2) cos(θ3) sin(𝜃1) 𝑠𝑖𝑛(θ1) 𝑠𝑖𝑛(θ2) cos(𝜃2) sin(θ1) sin(𝜃3) −  𝑐𝑜𝑠(θ1) 𝑐𝑜𝑠(θ3)

− 𝑠𝑖𝑛(θ2) cos(𝜃3) cos(𝜃2) −𝑠𝑖𝑛(θ2) 𝑠𝑖𝑛(θ3)

] 
3.28 

 

By analyzing the matrix 𝑅 
0

3, it can be observed that θ2 can be determined as follows: 

 

θ2 = arccos (𝑎𝑠32 sin(Ѱ) +  𝑏𝑠32 cos(Ѱ) + 𝑐𝑠32) 3.29 

 

Based on Equation 3.29, and taking into consideration the signal of θ2  given by the global 

configuration parameter (GC2), it can be concluded that the real joint θ2 can be expressed as 

follows: 

 

θ2 = GC2 arccos (𝑎𝑠32 sin(Ѱ) +  𝑏𝑠32 cos(Ѱ) + 𝑐𝑠32) 3.30 

 

Applying the same logic, it is possible to determine the values of the joints θ1 and θ3, which 

depend on θ2 .  
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θ1 = atan2(GC2 [𝑎𝑠22 sin(Ѱ) +  𝑏𝑠22 cos(Ѱ) + 𝑐𝑠22], GC2 [𝑎𝑠12 sin(Ѱ)

+  𝑏𝑠12 cos(Ѱ) + 𝑐𝑠12]) 
3.31 

 

θ3 = atan2(GC2 [−𝑎𝑠33 sin(Ѱ) −  𝑏𝑠33 cos(Ѱ) − 𝑐𝑠33], GC2 [−𝑎𝑠31 sin(Ѱ)

−  𝑏𝑠31 cos(Ѱ) − 𝑐𝑠31]) 
3.32 

 

The calculation of the remaining joints of the robot will depend on 𝑅 
0

3, which can now 

be determined since the joints θ1, θ2, and θ3 are known; on 𝑅 
0

7, which is defined by the 

robot's pose, as established in Equations 3.4 and 3.10; and on 𝑅 
3

4, which is obtained from the 

matrix 𝑇 
3

4, presented in Equation 3.3, and the value of joint θ4, which is now known. With all 

these matrices recognized, the matrix 𝑅 
4

7 can be expressed by Equation 3.33. 

 

𝑅 
4

7 = 𝑅 
3

4
𝑇

 𝑅 
0

3
𝑇

  𝑅 
0

7 3.33 

 

Following the same reasoning presented earlier for the representation of the 𝑅 
0

3 matrix, 𝑅 
4

7 

can be expressed as follows: 

 

𝑅 
4

7 = 𝐴𝑤 sin(Ѱ) + 𝐵𝑤 cos(Ѱ) +  𝐶𝑤 3.34 

 

, where: 

𝐴𝑤 =   𝑅 
3

4
𝑇

 𝐴𝑠
𝑇 𝑅 

0
7 

𝐵𝑤 = 𝑅 
3

4
𝑇

 𝐵𝑠
𝑇 𝑅 

0
7 

𝐶𝑤 = 𝑅 
3

4
𝑇

 𝐶𝑠
𝑇 𝑅 

0
7 

 

 

Given the algebraic rotation matrix 𝑅 
4

7 (Equation 3.35), derived from the homogeneous 

matrix 𝑇 
4

7, and considering the global configuration parameter of the manipulator's wrist 

(GC6), joint θ6, followed by joints θ5 and θ7, can be determined using Equations 3.36, 3.37 

and 3.38, respectively. 

 

R 
4

7

= [

cos(𝜃5) cos(θ6) cos(𝜃7) −  𝑠𝑖𝑛(θ5) 𝑠𝑖𝑛(θ7) −cos(𝜃7)  𝑠𝑖𝑛(θ5) − cos(𝜃5) cos(θ6) sin(𝜃7) cos(𝜃5)  𝑠𝑖𝑛(θ6)

cos(𝜃5)  𝑠𝑖𝑛(θ7) + cos(𝜃6) cos(θ7) sin(𝜃5) cos(𝜃5) cos(θ7) −  𝑐𝑜𝑠(θ6) 𝑠𝑖𝑛(θ5) 𝑠𝑖𝑛(θ7) 𝑠𝑖𝑛(θ5) 𝑠𝑖𝑛(θ6)

− 𝑠𝑖𝑛(θ6) cos(θ7) 𝑠𝑖𝑛(θ6) 𝑠𝑖𝑛(θ7) cos(𝜃6)
] 

3.35 
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θ6 = GC6 arccos (𝑎𝑤33 sin(Ѱ) +  𝑏𝑤33 cos(Ѱ) + 𝑐𝑤33) 3.36 

 

θ5 = atan2(GC6 [𝑎𝑤23 sin(Ѱ) +  𝑏𝑤23 cos(Ѱ) + 𝑐𝑤23], GC6 [𝑎𝑤13 sin(Ѱ)

+ 𝑏𝑤13 cos(Ѱ) + 𝑐𝑤13]) 
3.37 

 

θ7 = atan2(GC6 [𝑎𝑤32 sin(Ѱ) +  𝑏𝑤32 cos(Ѱ) + 𝑐𝑤32], GC6 [−𝑎𝑤31 sin(Ѱ)

−  𝑏𝑤31 cos(Ѱ) − 𝑐𝑤31]) 
3.38 

 

In summary, it can be concluded that the calculation of the joints for the redundant 7-

degree-of-freedom robot depends on the desired pose, as well as on the arm angle and the 

global configuration parameters. 

3.4 Software Tools 

For the development of this project, a set of software tools was utilized. Accordingly, this 

section begins with a brief introduction to the ROS2 framework. Next, it explores the MoveIt 

library, which is used for motion planning in robotic systems, establishes its relationship with 

the OMPL library and highlights Gazebo and RViz plugins. Finally, this chapter presents the 

physical simulator CoppeliaSim and the software Autodesk Fusion. 

3.4.1 ROS2 Middleware 

One of the most important tools to take into consideration in this work is the Robot 

Operating System (ROS) framework. ROS is an open-source framework consisting of 

communication tools and a set of plug-and-play libraries that aid in creating complex systems. 

ROS is considered a specialized middleware for robotics, providing communication 

infrastructure, hardware abstraction, low-level device control, exchange of messages 

between processes, and more (Serrano, 2015). Although it is independent of the type of 

programming language used, ROS primarily utilizes C++ and Python for its development 

(Figure 21). 
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Figure 21 - Languages used in ROS communication tools. Adapted from (The Robotics Back-End, 2018). 

 

ROS was created to facilitate code reuse in robotics research and development. It 

features an integrated repository that allows users to utilize pre-existing code for various 

robotic applications. ROS supports a wide range of robotic components, including aerial, 

ground, humanoid, and underwater robots, as well as different types of sensors, such as GPS 

receivers. As such, it serves as a platform that enables the integration of various software tools 

with different purposes, such as OpenCV and MoveIt. For instance, ROS can be integrated with 

OpenCV to enable data captured by cameras to be processed by advanced algorithms for more 

efficient image processing, such as object detection, motion tracking, and pattern recognition 

(Serrano, 2015). 

In the MIAR Project, ROS was used to connect the selected motion planner for the 

redundant manipulator’s movements in the logistics tasks and the physical software that 

serves as a robotic simulation environment. In this project, the operating system used is 

Ubuntu 22.04, and the recommended ROS distribution is ROS2 Humble Hawksbill. ROS2 

Humble is an advanced version of the ROS framework. 

Retaining some ROS concepts is important to ensure a correct understanding of the 

steps taken in the project in Chapter 4.  

3.4.1.1 ROS Structure 

ROS can be divided into workspaces containing packages. Each package can contain 

small programs called nodes, which enable connections between different systems.  

3.4.1.1.1 ROS Workspace 

A ROS workspace is a directory that starts empty and creates a specific structure when 

built using the Colcon build tool. It includes a source (src) subdirectory containing the source 

code for the ROS packages. Additionally, the workspace has three other directories: the build 

directory, where intermediate files are stored; the install directory, where all created packages 
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are installed; and the log directory, which holds various logging information about the builds 

made in the workspace. 

3.4.1.1.2 Packages  

Packages are the basic unit of software organization in ROS. Each package can contain 

libraries, executables, or scripts, which are used to structure and modularize the code. 

Packages can be created using either CMake or Python, allowing a workspace to include 

packages of different build types. Figure 22 illustrates a workspace structure containing a 

CMake package developed in C++ and a Python package developed in Python, both located in 

the source folder. 

 

 

Figure 22 - Workspace with CMake and Python packages. 

 

3.4.1.1.3 Nodes  

A node is an executable file that performs computation. Nodes are created inside 

packages. These processing units are independent and can communicate with other nodes. 

(Tavares, 2015). Figure 23 shows an example of a robotics application composed of nodes. 

This system consists of three ROS packages, each containing a set of nodes initiated separately 

and communicating with each other. 
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Figure 23 - Illustrative example of communication between nodes grouped into different packages. Adapted from (The 

Robotics Back-End, 2018). 

 

3.4.1.2 Communication methods between nodes 

Nodes can communicate with each other primarily through topics, services, and actions 

(Albonico et al., 2023). 

3.4.1.2.1 Topics 

Topics are used to send streams of data between nodes. Communication occurs 

through the sending and receiving of ROS messages by nodes via a topic. The node that 

sends/publishes a message to the topic is called a publisher node. Conversely, the node that 

subscribes to the topic to receive the respective sent message, i.e., to obtain the information, 

is called a subscriber node. There can be multiple publishers and subscribers simultaneously 

for a single topic, and a single node can publish and/or subscribe to multiple topics (Albonico 

et al., 2023). It is important to note that for this communication to occur, both the publisher 

and subscriber nodes must use the same message type. Messages are data structures that 

carry specific information. They can contain data such as numbers, strings, arrays, and other 

user-defined data types. 

3.4.1.2.2 Services  

Services are another method for nodes to communicate, allowing them to send 

requests and receive responses. Services are composed of two parts: a request and a 

response. In Figure 24, an example of a service is shown, where the inputs (requests) consist 

of two integer variables, and the output (response) is another variable called "result," also an 

integer. 
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Figure 24 - Example of a srv file. 

 

Communication with services is carried out by two nodes: the service client, which 

sends a message containing specific data that corresponds to the variables in the service 

request, and the service server, which interprets the data received in the request and 

responds with a message containing the results (the service response) (Albonico et al., 2023). 

It is also possible to associate multiple nodes with a service, meaning multiple service clients 

or servers can be involved. Figure 25 illustrates how communication is made by topics and 

services.  

 

 

Figure 25 - Communication between nodes by a topic and a service. Adapted from (Open Robotics, 2024b). 

 

When should services or topics be used? Topics should be used when unidirectional 

and continuous communication is required, meaning when there is a need for constant 

sending and receiving of a set of data. Services are necessary when performing remote 

procedure calls, that is, when a response to a certain request is needed. Services are used 

when the client makes a specific request and expects a specific response from the server. 

3.4.1.2.3 Actions 

Actions in ROS2 serve as a method of communication for tasks that take a long time to 

complete. An action consists of three main components: a goal service, a feedback topic, and 
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a result service. Like services, actions employ a bidirectional communication model through a 

client-server structure. The main difference is that, unlike services, which provide only one 

response, actions allow for continuous feedback and support the cancellation of orders.  

When an action client submits a goal, the request is sent to an action server. The action server 

recognizes the goal and subsequently provides feedback and a final result. This process is 

illustrated in Figure 26. 

 

 

Figure 26 - Communication between nodes by an action. Adapted from (Open Robotics, 2024a). 

 

3.4.1.3 Launch Files 

Another important concept to consider in ROS is launch files, which play a crucial role in the 

configuration and initialization of robotic systems. As the name implies, launch files enable 

the simultaneous execution of multiple nodes rather than starting them one at a time. With 

launch files, users can initialize as many nodes as needed, including identical nodes 

simultaneously, and specify different priority levels for each node's execution. In addition to 

initializing multiple nodes, a launch file can also execute other launch files, which is why they 

are widely used in systems that control multiple robots.  
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3.4.2 MoveIt Library 

Nowadays, there are a lot of tools available to solve path-planning problems. One of 

the most popular tools is the Open Motion Planning Library (OMPL) (I. A. Sucan et al., 2012). 

The OMPL is a C++ library that implements many state-of-the-art sampling-based planners, 

including PRM and RRT. The planners within this library are effective for systems with many 

degrees of freedom and differential constraints. However, with sampling-based methods, the 

user must specify the maximum time a given planner has to search for a solution once these 

methods cannot determine when a problem has no solution. It is also important to note that 

OMPL doesn´t include functionalities associated with collision detection or visualization of the 

geometry of the workspace or the robot, so the user is responsible for choosing the necessary 

tools for this. Users are also responsible for defining collision detection methods or state 

validity checkers to ensure effective path planning. Therefore, given the mentioned 

limitations, OMPL is often integrated with other robotic frameworks like MoveIt Library, which 

is used for motion planning and can be interfaced through ROS packages.  

MoveIt is a motion planning library built to work with the ROS middleware. This robotic 

manipulation platform provides kinematic calculation and collision checking and was designed 

to work with several motion planning algorithms or planning libraries and can be adapted to 

any ROS-supported robot (Coleman et al., 2014). In this project, MoveIt was used to validate 

the generated motion planning for the KUKA LBR iiwa 14 R820 manipulator during the pick-

and-place operations of the Targets. One of the requirements of this project is to use ROS2 

Humble, and since the operating system in use is Ubuntu 22.04, it is necessary that MoveIt 

version is compatible with it. In this case, the appropriate package for this ROS distro is the 

MoveIt 2 package. This package, ros-humble-moveit, is compatible with all sorts of robots, 

from robotic arms to mobile robots and even humanoids. This plugin will be used in the project 

to configure the robot to be controlled and plan and execute the robotic arm movements. To 

do so, it will be crucial to compute and optimize the trajectories of the robot arm from the 

given positions to the desired goals while respecting the arm’s joint limits and avoiding 

obstacles. 

Collision avoidance in MoveIt is achieved by the introduction of known obstacles in the 

environment before the planning process, allowing the algorithm to consider them and avoid 

creating trajectories that would lead to collisions. MoveIt handles collision checking for a 
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variety of objects, including meshes, where the objects are described by stl (standard triangle 

language) or dae (digital asset exchange) files and primitive shapes such as boxes, cylinders, 

cones, spheres, and planes (Chitta et al., 2012). 

The selection of the right planner, the algorithm that calculates the motion plan, is a 

challenge since each planner has its strengths and weaknesses, and the best solution depends 

on the requirements of a specific task and the work environment (Moll et al., 2015). MoveIt 

provides many off-the-shelf planners, each with different approaches to generating robot 

trajectories. The default and most used planning library in MoveIt is the already mentioned 

Open Motion Planning Library (OMPL). This open-source planning library possesses various 

state-of-the-art sampling-based algorithms, including SBL, KPIECE, and their variants. 

Although MoveIt 2 currently supports OMPL, CHOMP, STOMP, and the planner PILZ, only 

OMPL planners are fully integrated into MoveIt, which is why they are primarily used in 

benchmarks. Thus, MoveIt includes a benchmarking package adapted for OMPL planners, 

which provides methods for comparing these algorithms and generating plot statistics using 

the OMPL Planner Arena. 

In MoveIt, robots are specified by Unified Robot Description Format (URDF) files, which 

are the native format to describe robots in ROS. A URDF file is an XML specification to describe 

the robot’s geometry and kinematics. These files contain the kinematic and dynamic 

description of the robot, the visual representation, and the collision model of the robot. The 

specification is represented in tree structures, where the robot consists of rigid links 

connected by physical joints. However, it is possible to add virtual joints to the URDF, for 

example, if it is necessary to represent the robot’s root link’s pose concerning a global 

coordinate system.  The URDF is the most essential information for creating a MoveIt 

configuration package for a robot. A package can be created manually or generated 

automatically by the MoveIt Setup Assistant from a robot description file (usually the URDF). 

The MoveIt Setup Assistant is a GUI (Graphical User Interface) that helps set up any robot to 

work with MoveIt (Figure 27). This interface creates a MoveIt config package named 

moveit_config that contains the SRDF (Semantic Robot Description Format) file of the robot, 

which is a file that complements the URDF by defining joint groups, collision checking details, 

and any additional transforms required to describe the robot’s pose fully. It also produces 

other configuration files (primarily YAML files) for the MoveIt pipeline, such as the 

moveit_controllers.yaml, which provides information about the available MoveIt controllers, 
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the joints associated with each controller, and the type of controller interface used; the 

kinematics.yaml, which specifies the inverse kinematics solvers for the robot's joints; 

ros2_controllers.yaml, which presents the hardware controllers that interact with the robot's 

joints and other devices; joint_limits.yaml that describes the different joint position, velocity 

and acceleration limits. This is useful for defining different joint limits without modifying the 

URDF file. 

 

 

Figure 27 - Initial window of the MoveIt Setup Assistant. Adapted from (PickNik Robotics, 2024c). 

 

The file related to the OMPL planners, ompl_planning.yaml, can also be added to the 

moveit_config package. This file includes settings related to the motion planning process, such 

as trajectory generation algorithms (e.g., RRT, PRM), planning time, and the number of 

attempts. These planners can be optimized by tuning the settings in this yaml file. The default 

values of these parameters are auto-generated in the MoveIt Setup Assistant.  An example of 

a config folder created by the MoveIt Setup Assistant is shown in Figure 28. 

 

 

Figure 28 - Example of a config folder from the moveit_config package generated by the MoveIt Setup Assistant. 
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Figure 29 depicts the high-level system architecture of the move_group node, which is 

a central component in MoveIt. This ROS node operates as an integrator, coordinating 

different components to offer a set of ROS actions and services for users. There are three 

primary ways to access the services and actions of move_group: move_group_interface 

package, which provides a simple and effective C++ interface that communicates with the 

move_group node via ROS topics, services, and actions. It enables functionality for most tasks 

a user may need, such as defining the target’s pose, motion planning, adding objects in the 

environment, and attaching or detaching objects from the robot; moveit_commander 

package through Python; Via a Graphical Interface, using the motion planning plugin for Rviz, 

the ROS visualization tool. Rviz is a 3D visualizer designed for the ROS environment (da Costa, 

2019). It allows the display of sensor data and the robot’s state in real-time, providing a virtual 

model of the robot. It presents sensor data through ROS topics and services, which helps 

understand the robot's perception of its environment. This simulator is mainly used to validate 

planning solutions in virtual environments, usually working in parallel with the physical 

software Gazebo, before being applied to the real robot. It enables visualization of the robot's 

trajectory, helping to identify potential issues. Gazebo is a 3D simulator designed to recreate 

environments for multiple robots. It includes dynamic and kinematic physics to accurately 

simulate real-world conditions such as friction, damping, and other environmental factors. 

The descriptive robot format used in Gazebo is the Simulation Description Format (SDF). As 

the Rviz, Gazebo is used to test and validate robotic behaviors before real operations. (Koenig 

& Howard, 2004) 

The move_group retrieves different types of information from the ROS parameter 

server: the robot_description parameter, which provides the robot’s URDF file, and the 

robot_description_semantic parameter, which provides the robot’s SRDF file. It also searches 

for other MoveIt configuration data like joint limits, kinematics, motion planning settings, and 

perception information. These config files are also generated within the MoveIt config 

package of the robot by the MoveIt Setup Assistant. 
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Figure 29 - High-level system architecture of the MoveIt move_group node. Adapted from (PickNik Robotics, 2024a). 

 

In MoveIt, even if the trajectory has already been planned for a given task, it still needs 

to be executed. To do so, MoveIt uses controllers to execute the trajectory for certain 

hardware. The ros2_control framework standardizes the interaction between the robot 

hardware and the software controllers (Amadi et al., 2024). It provides a flexible interface to 

control different types of hardware, whether for real robots, physical simulations, or mock 

setups. This framework comprises the controller manager node, the controllers required for 

trajectory execution, and hardware interfaces. The controller manager node manages 

controller switching by activating, deactivating, and loading controllers as needed. It connects 

the controllers to the required hardware interfaces and manages MoveIt by activating the 

appropriate controllers. The users can also access the controller manager through ROS 

services. The controllers are plugins based on control theory that evaluate input commands 

and calculate outputs to control robot joints. The most used controller plugins are the 

joint_trajectory_controller, which controls the trajectories of robot joints; the 

joint_state_controller, which publishes the status of robot joints; and the position, velocity, 

and effort controllers, which send the desired position, velocity, and effort commands, 

respectively, to the hardware interface. As mentioned earlier, these controllers are configured 

in the ros2_controllers.yaml file. The hardware interface is used to send and receive 

commands from the hardware. There are several hardware interfaces, the most common 

being the Joint Command Interface, which supports joint control, and the Joint State Interface, 

which supports reading the state of the joints (position, velocity, effort). In case the hardware 

interface of a robot in MoveIt doesn’t already exist, the user can create its own. 
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Several hardware plugins are available regarding the hardware with which MoveIt can 

communicate. Among these stands the real hardware of a robot that corresponds to the 

robot’s system interface and the gazebo_ros2_control/GazeboSystem, which integrates the 

control of the robot with the Gazebo simulator, allowing realistic physical simulations. If the 

goal is to simulate the robot’s behavior without relying on a physical simulator or the real 

robot, fake hardware can be used in MoveIt through the mock_components/GenericSystem 

plugin. This plugin is mainly used for offline testing of the ros2_control framework, as it 

simulates ideal robot behavior by mirroring commands to their states. Since in the project, 

the validation tests of the trajectories generated from the manipulator were not to be 

supported by the Gazebo physical simulator, then the GenericSystem plugin was used. 

To visualize a robot in MoveIt, as well as plan and execute its motions, ROS 2 launch 

files are required. The Python launch files handle the loading of all the configuration 

parameters present in the moveit_config package. To achieve this, MoveIt uses the 

MoveItConfigsBuilder utility to load these parameters, which include the robot description 

and semantic description files (URDF and SRDF), motion planning and kinematics plugins, 

trajectory execution settings, and other necessary configurations. Once the MoveIt 

configuration parameters are loaded, the move_group node must be launched to initiate the 

Move Group C++ Interface. It’s also important to launch the tf2 library to manage coordinate 

transforms, especially the static transform publisher node, which establishes the static 

transform between the robot’s base and world frames. The robot state publisher node must 

be launched to read the robot’s joint states, compute frame transformations using the URDF 

file, and publish these transforms to tf2. Finally, the ros2_control framework must be set up 

for the robot to execute a trajectory. To start the ros2_control, the controller manager node 

must be launched and spawn the required controllers and the hardware plugin needed for the 

trajectory execution. 

3.4.3 CoppeliaSim 

Although MoveIt does perform motion planning for the manipulator for the various pick-

and-place operations, it is essential to validate the planning tests before applying them to real-

world scenarios. To do this, the movements must first be simulated in a dynamic analysis. 

While Gazebo is the simulator that typically works alongside MoveIt, this project will utilize 

CoppeliaSim to verify the arm's movements in a digital environment. 
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CoppeliaSim (Figure 30) is a physical simulator that aids the development and validation 

of planning algorithms and robotic systems (Bogaerts et al., 2020). This software allows the 

creation of any robot and the design of complex environments with multiple robots. It includes 

a physical engine that enables robotic behaviors that are more similar to real solutions. 

The selection of CoppeliaSim for this project is due to its compatibility with various 

operating systems, including Windows and Linux, making it suitable to work in Ubuntu 22.04, 

which is the required version for the project. CoppeliaSim also supports the creation of robotic 

models in the working environment by importing CAD files such as stl, and can also read URDF 

files like in MoveIt. This compatibility allows the same robot model to be used in both MoveIt 

and the physical simulator. Furthermore, CoppeliaSim can also establish external 

communication with other software because it’s compatible with ROS. These strengths make 

it a versatile tool for connecting the motion planning of the robotic arm in MoveIt with the 

robot's physical model in CoppeliaSim. 

CoppeliaSim is organized into models, which are individual elements that can represent 

a robot, sensors, or even a person, and a scenario, which comprises all the models that 

compose the simulation space. Each model is represented by a hierarchy tree that includes 

the physical model, which considers all the physical properties, such as mass and moments of 

inertia, and the graphical model, which is associated with the visual representation of the 

model in the scenario. The tree can also have joints connecting the model with any other 

scenario component. CoppeliaSim allows the control of different models by associating them 

with child scripts.  The proprietary language for these scripts is Lua or Python. 

In this work, CoppeliaSim replicates the manipulator's movement during the pick-and-

place operations through ROS and validates the planned motions by recreating a digital twin 

of the robot’s workspace. 
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Figure 30 - CoppeliaSim interface. 

  

3.4.4 Autodesk Fusion 

Lastly, Autodesk Fusion was used, which is a Computer-Aided Design (CAD), Computer-

Aided Engineering (CAE), and Computer-Aided Manufacturing (CAM) software developed by 

Autodesk. This software (Figure 31) allows users to define and model various components, set 

properties, and assemble different models. It also helps validate products by subjecting them 

to statistical, thermal, dynamic, and other analyses. In the context of this work, Autodesk 

Fusion was utilized to model the access ramps and any other essential components for the 

robot's workspace during the planning of the pick-and-place operations. Additionally, the 

software was used to simulate the performance of the custom fingers designed for the 

selected gripper of the robot, as detailed in Section 4.4.2. 

 

 

Figure 31 - Autodesk Fusion Interface. 
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4 Developed Work 

The present chapter encompasses the practical elements undertaken in the development of 

this project. The chapter begins with a description of the system architecture of the MIAR 

project, emphasizing the module where this dissertation fits. It then addresses the creation of 

the simulation model of the robotic arm’s workspace and the selection of a suitable gripper 

for the desired operations, including the development of customized gripper fingers. 

Furthermore, it outlines the configuration and control of the set: manipulator and gripper for 

MoveIt and the integration with the CoppeliaSim software. The last section exposes the 

implementation of motion algorithms for the robotic arm’s pick-and-place operations. 

4.1 System Architecture 

As previously indicated, this dissertation is part of the MIAR project, whose objective is 

to transport Targets from an intermediate storage buffer to supply ramps. Thus, developing a 

system architecture encompassing several modules was necessary. Figure 32 illustrates the 

global architecture of the MIAR system. 

 

 

Figure 32 - Global architecture of the MIAR system. 

 

This architecture is centered around the core module, Fleet Management, which is 

responsible for managing the fleet of vehicles and contains a map of the production lines' 

supply area. This module receives data from the production lines through the Bosch system 
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and transmits the information to each vehicle via the local module Service Manager. This 

module receives the service of the Fleet Management and divides it into tasks that are sent to 

the Task Manager. This submodule is within the Movement Controller Module, which includes 

several submodules dedicated to controlling the AMR and planning the manipulator’s 

movements. The task manager ensures the proper execution of assigned tasks by activating 

the appropriate submodules in the correct sequence. The architecture also includes the 

Environment Perception local module that comprises several submodules responsible for 

acquiring and processing sensory information, either through LiDAR or the vision system. This 

dissertation focuses primarily on the Arm Planning submodule, which is tasked with planning 

and controlling the arm’s movements. However, developing this submodule requires 

understanding the mobile manipulator's conditions. This includes a clear definition of the 

tasks to be performed by the mobile manipulator and its workspace during the operations. 

4.2 Simulation Model 

As previously mentioned, the main aim of this work is to develop safe and smooth 

trajectories for the KUKA LBR iiwa 14 R820 manipulator.  The respective arm is mounted on 

the KUKA KMR iiwa 14 mobile platform. In the Bosch Car Multimédia BRgP shop floor, the 

Targets are positioned on top of dollies, which are transport carts used to move loads within 

the facility. The Targets are manually transferred from the dollies to different assembly lines 

by PoUPs, a designation established for the operators responsible for the specific task.  The 

objective of the MIAR project's "To Be" challenge is to replace these PoUPs with autonomous 

mobile manipulator robots to perform the task. An example of the intended work layout is 

shown in Figure 33. 
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Figure 33 - Intended work layout at Bosch Car Multimedia BrgP. 

 

As can be seen in Figure 33, the blue zone corresponds to the initial location of the dollies 

loaded with their respective Targets.   

First, the mobile platform must move to the Dolly Supply zone so that the robotic arm 

can pick up the Targets and place them on top of the platform. Afterward, the platform moves 

to the different workstations, represented in yellow in Figure 33, allowing the arm to deliver 

the Targets to the appropriate stations. It's important to note that the corridors where the 

autonomous mobile manipulator robots operate are 1.2 meters wide, which limits their 

movement during the execution of the desired tasks. The corridor next to Dolly Supply is 

wider, allowing mobile platforms to rotate when picking up boxes. 

Several preliminary parameters must be considered to carry out the simulation model, 

namely the maximum number of Targets positioned on top of the dollies that the arm can 

reach and the maximum number of Targets that the mobile platform can transport from the 

Dolly Supply to the different workstations. The selection of the gripper for the robotic arm is 

also extremely important for the manipulation of the Targets.  

Thereby, some fundamental elements required to recreate the intended work layout 

at the Bosch Car Multimedia BRgP shop floor were modeled using Autodesk Fusion software. 

These elements include the access ramps and the dolly channel. Other essential components, 

like the Targets and the dollies, were provided as CAD files by Bosch.  
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There are two types of Targets to be manipulated, both of which are plastic PP 

containers from the Utz Group (Utz Group, 2014). One container is larger, measuring 600 x 

400 x 220 mm, while the other is smaller, measuring 400 x 300 x 220 mm. Both containers 

have loose lids. Figure 34 presents these containers and their corresponding CAD models. 

 

 

 

 

Figure 34 – Containers-RAKO from Utz Group and their respective CAD models. 

 

In this dissertation, the larger containers will be referred to as "600x400 boxes" and 

the smaller ones as "400x300 boxes" based on the outer dimensions of their bases (Figure 35). 

 

  
 

(a) (b) 

Figure 35 - (a) Outer dimensions of the base of the larger container; (b) Outer dimensions of the base of the smaller 
container. 

  

Similar to the Targets, there are two types of dollies, each designed for a specific kind 

of container. Currently, the dollies are positioned together at the Dolly Supply without any 

secure mechanism to hold them in place (Figure 36). 
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Figure 36 - Dolly Supply zone for MIAR Project. 

 

As a result, the dolly channels are used to retain and guide the respective dollies. An 

example of this mechanism, along with its CAD model, can be seen in Figure 37. 

 

 

Figure 37 – Dolly Channel and CAD representation. 

 

Finally, the access ramps are responsible for storing the boxes for a certain period of 

time. In the current shop floor, the ramps have either two levels, which include an upper and 

a lower level, referred to as one-level ramps, or three levels, consisting of an upper, middle, 

and lower level, referred to as two-level ramps. The upper and middle levels are designated 

for holding full boxes from the Dolly Supply provided by the PoUP, while the lower level 

contains the empty boxes left by the human operators. The CAD models of the one and two-

level ramps can be checked in Figure 38 and Figure 39, respectively. There are two types of 

ramps corresponding to each kind of Target, where the width of each level of the ramp is the 

box length with an additional 10 mm, implying high precision in the picking and placement of 

the boxes. Appendix A shows these four ramps without the roller rails in more detail. 

For this project, the one-level ramps will be used for the pick-and-place operations. 

Thus, the mobile manipulator has to place the boxes retrieved from the Dolly Supply on the 

upper level of the ramps, pick the empty boxes from the lower levels, and transport them back 

to the Dolly Supply.  
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Figure 38 - One-level access ramp for the storage of Targets. 

 

  

Figure 39 - Two-level access ramp for the storage of Targets. 

 

Using the CoppeliaSim software, a complete scenario of the work layout in which the 

mobile manipulator must operate was created (Figure 40). However, since this work focuses 

solely on controlling the redundant arm during the manipulation tasks and to avoid high 

computational costs when running the simulation due to the large number of elements 

present, the environment in CoppeliaSim was limited to a single workstation for this 

dissertation. So, six manipulation scenarios were considered: two comprising the ramps for 

the 600x400 boxes, another two with the ramps for the 400x300 boxes, and two containing a 

small sample of the Dolly Supply for each type of box, which were used for the arm to place 

the boxes from and to the platform.  
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Figure 40 - Representation of the work layout using the CoppeliaSim software. 

 

4.3 Selection of the Gripper 

To plan the trajectories for simulation and validation in an initial phase before moving 

to a real case, a gripper is needed for the robotic arm to grasp the objects. Although the 

robotic arm intended for the MIAR project has already been defined, a suitable gripper for 

manipulation has not yet been considered. 

Due to the temporal limitations in completing this dissertation and since this work 

focuses on developing trajectories for the manipulator rather than designing a gripper, the 

gripper selection was based on available off-the-shelf solutions. The goal was to select a 

gripper that best fits the project's requirements for this initial phase. It is important to 

emphasize that the gripper discussed in this section is not necessarily the final solution for the 

entire project. Instead, it represents an initial choice that enables the analysis of motion 

planning, both in simulation and subsequent real-world applications. 

Several gripper manufacturers exist, including Festo, OnRobot, Robotiq, Schunk, 

Zimmer, and SMC. These companies offer a wide portfolio of robotic tool solutions that utilize 

different grasping principles, such as impactive (which includes angular, parallel, and radial) 

and astrictive (magnet and vacuum) approaches. 

The selection of a gripper is normally based on expert knowledge. Therefore, choosing 

the appropriate one should follow a rational procedure. To simplify this, an objectives tree 

was made to clarify all the goals to reach by dividing them into different levels. 
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MIAR Project Gripper 

• Manipulation of objects 

▪ Capability to grasp/ungrasp the Targets 

 

•  Data Handling 

▪ Sending and receiving data in real-time 

▪ Compatibility with different software platforms 

• Flexible Solution 

▪ Safety 

• Safe for collaborative operations 

▪ Robustness 

• Mechanical resistance 

▪ Adaptability 

• Compatible with different robotic arms 

 

As the lid of the Targets is loose and the boxes have dimensions in the order of 102 

mm, parallel grippers are intended to be used. The gripper must be capable of grasping both 

types of Targets, ensuring that the gripping side matches the length of the boxes. As a result, 

the distance between the gripper fingers must be greater than 400 mm, corresponding to the 

smallest Target's length.  Additionally, the maximum weight that the Targets can hold is 8 kg. 

Since the Kuka LBR iiwa 14 R820 collaborative arm has a payload capacity of only 14 kg, the 

selected gripper must be limited to a maximum weight of 6 kg. 

Table 3 was created to clarify the gripper's requirements. This table is divided into 

functional requirements, which describe what the system must do to meet the project 

objectives, and non-functional requirements, which describe how the system should work and 

specify the system's quality characteristics. The gripper's height should be as low as possible 

because this variable directly affects the arm's payload. 
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Table 3 - Functional and non-functional requirements for MIAR project gripper. 

Functional Requirements 

Stroke >= 200 mm 

Payload > 8 kg 

Weight <= 6 kg 

Minimum distance between teeth > 400 

mm 

Handle 600x400 boxes and 400x300 

boxes 

Non-functional Requirements 

Integration with ROS2 (software 

compatibility) 

Collaborative 

Lightweight 

Easy control 

High precision 

Small gripper height 

High Payload 

 

Based on the mentioned requirements, the grippers available in the market were 

analyzed. Table 4 presents the main attributes of the chosen solutions that best match the 

intended requirements. 
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Table 4 - Comparison of product attributes. 

Solution 

1 2 3 4 5 

PE25200 - 

Gimatic 

LEG 400-2-

15-2-10X3-B - 

SCHUNK 

LEG 520-2-

15-2-10X3-B - 

SCHUNK 

LEG 760-2-

15-2-10X3-B - 

SCHUNK 

Onrobot – 

2FGP20 (base 

unit) 

     

Stroke 

(mm) 
200 202 322 562 260 

Weight 

(kg) 
2.08 5.4 6.4 7.9 3.7 

Payload 

(kg) 
- 7.5 7.5 7.5 20 

Max. 

Gripping 

Force (N) 

460 1500 1500 1500 400 

 

Only the PE25200 Gimatic is pneumatically actuated among the selected grippers, 

while the others are electric. Only the 2FGP20 is classified as a collaborative gripper, whereas 

the others are considered industrial grippers. This distinction can be easily confirmed by 

comparing the payload of each solution. It is important to clarify that the payload listed in 

Table 4 for the Schunk grippers represents the payload for the recommended workpiece 

weight to be manipulated, whereas the payload for 2FGP20 is the maximum allowable value. 

Since some performance attributes are more important than others, the selection of 

the right gripper solution was guided by the weighted objectives method, which is a way to 

evaluate and compare different solutions.  This method establishes criteria based on the initial 

objectives to reach. Some criteria can be more general, while others may be more specific 

regarding the problem at hand. The comparison criteria are then ranked and assigned by 

numerical weights. The criteria were systematically compared, assigning a value of 1 to the 

most important one. The importance order can be checked in Figure 41. 
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Figure 41 - Systematic Comparison between criteria. 

 

Subsequently, the assignment of relative weights to the sorted criteria was made, as shown 

in Figure 42. 

 

 

Figure 42 - Attribution of weights relative to criteria. 

 

Utility scores must be established to compare the chosen solutions against the 

considered criteria. These scores were settled in four classes: 0 -> inappropriate; 1 -> weak; 2-

> Satisfactory; 3-> Good; and 4-> Excellent. Applying these scores to the solutions made it 

possible to choose a suitable gripper for the MIAR Project (Figure 43). 

 

 

Figure 43 - Weighted objectives evaluation chart for five gripper solutions. 
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Based on the applied method, the most appropriate solution was the 2FGP20 gripper 

from OnRobot (Figure 44). This gripper can communicate using ROS, which is beneficial for 

integrating with the motion planning software MoveIt, which is responsible for planning the 

robot's trajectories. 

 

 

Figure 44 - 2FGP20 front view (dimensions in mm). Adapted from (OnRobot, 2023). 

 

4.4 Development of the Gripper Fingers 

As stated in Section 4.3, one of the requirements is that the gripper must have a minimum 

distance between its fingers greater than 400 mm to grasp the boxes successfully. Although 

the stroke of the 2FGP20 gripper is 260 mm, its opening is insufficient for grabbing the Targets. 

To ensure effective manipulation of both boxes, it is essential to develop custom gripper 

fingers. Using Autodesk Fusion software, the desired fingers were modeled, and through a 

Finite Element Analysis (FEA), the fingers were tested to verify whether they could meet the 

requirements to be used in a real application. The FEA method is useful for simulating and 

identifying causes of failure in mechanical systems to prevent failures before manufacturing. 
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4.4.1 Modeling the Gripper Fingers 

Typically, parallel gripper fingers are composed of simple plates that apply pressure to 

the manipulated object. The tangential component of the applied pressure must be sufficient 

to reach a static equilibrium, balancing the gravitational force and preventing the object from 

falling. However, the boxes under study feature a groove corresponding to their outermost 

surface, which has a thickness of only 6 mm, as can be seen in Figure 45, which illustrates the 

profile view of both Targets. 

 

Figure 45 - Profile view of both Targets with the outer dimensions. 

 

To address this, the gripper fingers were inspired by how a human hand typically grasps these 

types of boxes. The fingers were designed in an L shape, allowing them to compress and 

handle the boxes, as shown in Figure 47. This design approach reduces the pressure required 

on the outer surfaces of the box by applying load components in both the horizontal and 

vertical directions. As detailed in Figure 45, the groove width is 15 mm, which means the 

minimum aperture for the 400x300 boxes must be 370 mm. To ensure a safe grip, the design 

of the fingers allows a distance of 368 mm when the gripper is closed. This design enables the 

gripper to clamp the boxes in 2 mm if necessary (Figure 46). When the gripper is open, the 

distance between the fingers reaches 628 mm because the gripper's stroke is 260 mm. This 

results in a total clearance of 28 mm in relation to the 600x400 boxes. Consequently, high 

precision is required when planning the grasping and releasing operations of the robot. The 

dimensions of each finger can be verified in Appendix B. In the CAD model, fillets were applied 
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to the perpendicular surfaces where the boxes are grasped, aiming to reduce stress 

concentrations and facilitate mesh generation. 

 

  

(a) (b) 

Figure 46 – (a) Maximum Gripper Aperture; (b) Minimum Gripper Aperture. 

 

One of the main problems of the 2FGP20 gripper is that its flange is decentralized 50 

mm in relation to its center, as reported in Figure 44. Another issue is that only one of the 

gripper fingers is movable. Since the two boxes to be manipulated have a length difference of 

200 mm if both fingers have the same length, a significant misalignment would occur between 

the gripper’s flange and the center of one of the boxes. Such misalignment is undesirable, as 

it could create a moment during manipulation tasks that might compromise the robot's 

operations. To mitigate this problem, the fingers must have different sizes. Therefore, the 

length of each finger was adjusted interactively until reasonable dimensions were achieved. 

This ensures that the distance from the robot flange to the center of each box isn´t too 

different. Since these fingers are intended for initial tests, one of the Bosch requirements was 

that they should be made of PLA. 

 

 

Figure 47 - Gripper holding the two types of Targets. 

 

4.4.2 Evaluation and simulation of the fingers 

After creating the geometric model of the fingers, the pre-processing of a linear static 

analysis was made, where inputs like the materials, mesh, and loading conditions were 
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established. Regarding loads, the fingers were subjected to two forces: a horizontal force 

representing the maximum gripping force of 400 N and a vertical force corresponding to the 

maximum weight of the Targets. This latter force is responsible for provoking tensile stresses 

in the upper surface of the fingers and compressive stresses in the lower surface. Since the 

two fingers withstand the boxes of 8 kg, an acting force of 39.24N was applied to the inner 

surfaces of each finger. Regarding boundary conditions, each finger is fixed to the claws at the 

base of the gripper, which constrains all six degrees of freedom (DoF) of the model.  

The mesh is a crucial factor to consider, as its quality significantly impacts the 

simulation results. A higher mesh density, which means more elements by unit of volume, 

leads to more accurate results. However, higher computation costs will be required if the 

mesh is too refined. Since each finger is voluminous, solid elements were considered, 

specifically quadratic tetrahedral elements. These elements are composed of 4 corner nodes, 

6 mid-side nodes, and 6 edges. Second-order elements generally yield more realistic results 

than linear elements because they can have curved edges to better capture geometric 

curvatures. This feature was considered in the mesh generation (Figure 48). 

 

 

Figure 48 - Pre-processing of the mobile gripper finger. 

 

Instead of using local mesh refinement, where local mesh controls are applied to different 

regions of the model, an adaptive mesh refinement was used. In this method, the solver 

automatically identifies critical stress regions and refines the mesh by employing smaller 

elements in those areas. As the mesh density increases, the stress levels tend to rise until the 

results stabilize. From that point, further mesh refinement does not yield significant 

differences in the results. A convergence study was conducted to achieve what is known as a 

converged mesh. This method involves successively refining the mesh until the change in a 

critical parameter, usually stress, between two consecutive iterations is less than a certain 
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percentage (Madier, 2021). In this case, a percentage of 5% was set. To avoid excessive 

computational times during the mesh generation, a maximum of 6 iterations was defined 

(Figure 49). 

 

 

Figure 49 - Mesh generation parameters in Autodesk Fusion. 

 

Following pre-processing, the fingers were subjected to static analysis to determine 

their ability to support the applied loads during the grasping actions. Due to the high applied 

loads, a safety factor of 4:1 based on critical transportation was considered for comparison 

(PHD Inc., 2001).  In the post-processing phase, the results were analyzed. Based on the results 

obtained, it can be concluded that the fingers can withstand the applied loads, as the values 

for stress, strain, and displacement are low, and the safety factor is high throughout the part. 

As expected, the maximum stress and strain occur on the perpendicular internal surfaces due 

to the moment generated by the gripping force. The maximum displacement is observed at 

the tips of the fingers, as this gripping force is significantly greater than the weight of the box. 

Moreover, the stress on the movable finger (Figure 50 – (a)) is slightly higher than that on the 

fixed finger (Figure 50 – (b)) because the movable finger is longer, resulting in a greater 

moment at its tip. 
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(a) (b) 

Figure 50 – (a) Static simulation on the movable finger; (b) Static simulation on the fixed finger. 

 

Given the high safety factor, it´s possible to understand that the fingers were over-

dimensioned. The design can be optimized to reduce the weight of the fingers. A shape 

optimization was considered, as shown in Figure 51. However, since these fingers were 

intended solely for initial testing, this study has not been conducted. Therefore, the fingers 

used were those described earlier, with a total weight of 1 kg. 
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Figure 51 - Fingers shape optimization. 

 

For safety precautions, the study was also conducted on the boxes to determine if they 

could withstand the gripper's maximum gripping force, which can reach high levels. As 

anticipated, the maximum gripping force did not impact the boxes (Figure 52). Given that the 

maximum experienced stress is 3.1 MPa, it can be concluded that the box remains within the 

elastic regime and doesn´t suffer plastic deformation because the box has a yield stress of 

30.30 MPa. 

  

 

 

 

Figure 52 - Static simulation of the boxes to be manipulated. 

 

4.4.3 Fingers Test 

The fingers were manufactured using 3D printing, and manipulation tests using a 

Doosan robot were conducted at Europneumaq facilities to validate the simulations. The tests 

demonstrated that the gripper could successfully grasp the two types of boxes (Figure 53). 
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(a) (b) 

Figure 53 - (a) Grip test of the 400x300 box; (b) Grip test of the 600x400 box. 

 

In this project, the gripper mounted with the designed fingers has a total weight of 

4.7kg. Although, at first glance, it appears that the arm can transport the boxes since the total 

weight to be handled is 12.7 kg, this doesn’t necessarily mean that the arm can manipulate 

the maximum weight of the Targets. As previously mentioned, the height of the gripper must 

not be too large because it would affect the arm’s desired performance. This limitation 

happens because the payload of the arm varies depending on the distance from the 

manipulator's mounting flange to the center of gravity of the object being manipulated, as 

depicted in Figure 54. 

 

 

Figure 54 - Payload diagram of KUKA LBR iiwa 14 R820 manipulator. Adapted from (KUKA, 2019). 

 

Due to the significant difference in weight between the gripper and the box, it can be 

inferred that the center of gravity of this system would be located somewhere within the 
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Target. By analyzing the payload diagram, it is evident that for the manipulator to work with 

the Gripper+Target system, the value of Lz must be less than approximately 100 mm. 

However, the gripper height alone already exceeds this value, as shown in Figure 44. 

Therefore, it is concluded that even though the gripper meets the initial project requirements, 

its considerable distance from the flange to its base inevitably reduces the payload capacity 

of the arm.  

4.5 Maximum Number of Targets to be Manipulated 

Since the Kuka LBR iiwa 14 R820 robotic arm is mounted on top of the mobile platform 

and given the fact that a dolly at the Bosch factory floor can support more than one Target, it 

is important to determine the maximum number of Targets the robotic arm can reach. An 

analysis was conducted for the mobile platform in different positions, concluding that the 

maximum number of Targets that the robotic arm can grasp from the dolly is four (Figure 55). 

Beyond four boxes, the arm cannot grasp any additional Targets from above. 

 

  

(a) (b) 

Figure 55 – (a) Manipulator grasping the first box from the dolly; (b) Maximum number of Targets placed on a dolly that the 
arm can reach. 

 

Another crucial aspect to consider in the study is the maximum number of Targets the 

mobile platform can transport to the workstations. This number depends on the robotic arm's 

ability to place the boxes along the platform. Since the Targets to be handled can have two 

different dimensions, the analysis was carried out for three distinct cases: the maximum 

number of 600x400 boxes placed on the base of the mobile platform, the maximum number 

of 400x300 boxes that can be placed on the base of the platform, and the maximum number 

of Targets comprising both types of dimensions. For the first case, it was determined that two 
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600x400 boxes could not fully fit on the base of the KMR. Additionally, the arm can only place 

two stacked boxes due to its configuration, which does not allow for the addition of a third 

box (Figure 56). 

 

 

Figure 56 – Study of the maximum number of 600x400 boxes on the platform. 

 

Regarding the 400x300 boxes, various distributions of these boxes at the platform's 

base were examined to determine which would allow for the maximum number of boxes. It 

was observed that the KMR could transport 4 boxes (Figure 57). 

 

 

Figure 57 - Study of the maximum number of 400x300 boxes on the platform. 

 

In the last case, different distributions were also considered for the two types of boxes. 

It was concluded that only two 400x300 boxes and two 600x400 boxes could be transported 

(Figure 58). 
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Figure 58 - Study of the maximum number of boxes of both types on the platform. 

 

Although the number of boxes to be transported is low, Bosch requires the platform 

to be able to carry at least three small boxes and three large boxes. As such, a structure will 

be developed to accommodate this number of boxes or more mounted on the KMR. A 

conceptual design of this structure is shown in Figure 59. The 400x300 boxes would be 

positioned on the top of the platform, whose placement is inspired by current solutions as 

presented in (KUKA AG, 2024). Meanwhile, the 600x400 boxes would be stacked at the back 

of the KMR.  

 

Figure 59 - Conceptual Structure to transport the boxes at the KMR. 

 

Even though the structure presented in Figure 59 is merely a conceptual design and 

not the final version to be implemented in the project, certain aspects must be considered in 

the development of a similar solution. One critical factor is the minimum height of the 

framework supporting the larger boxes. This rear structure must not interfere with the KMR's 

LiDAR sensors, therefore, its height must be at least 180 mm, as shown in Figure 60. 
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Figure 60 - Minimum height required for the rear framework that supports the larger boxes. 

 

Moreover, the fittings designed to hold the boxes must provide sufficient clearance to 

secure them in place while preventing movement during the platform's displacement. In the 

presented conceptual structure, the same clearance used in the access ramps was considered. 

Specifically, a clearance of 10 mm was applied to each box’s retention slots dimensions. Figure 

61 illustrates the dimensions designed for each box type. 

 

  

(a) (b) 

Figure 61 – (a) Top view of the retention slot at the KMR base for securing small boxes; (b) Top view of the retention slot in 
the rear structure of the KMR for securing the stacked large boxes. 

 

Since a structure similar to the one presented has not yet been developed, this work used the 

presented design for further trajectory planning. 

Using the proposed conceptual structure, an analysis was conducted to determine the 

maximum number of boxes the platform could transport beyond the desired six. It was 

observed that the arm could transport four boxes positioned at the base of the KMR (Figure 

62 – (a)). However, for the arm to reach the fourth box (Figure 62 – (b)) and place it on the 
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access ramps, it is necessary to first remove the box closest to the manipulator to avoid 

collisions along the trajectory. 

 

  

(a) (b) 

Figure 62 - (a) Maximum number of 400x300 boxes positioned at the platform's base; (b) Manipulator reaching the 

fourth 400x300 box. 

 

The arm can also pick up four large boxes at the platform's rear (Figure 63). 

 

Figure 63 - Study of the maximum number of 600x400 boxes at the rear of the platform's structure. 

 

4.6 Configuration in MoveIt 

To execute the robot’s motion in CoppeliaSim, it is necessary first to configure the robot 

in MoveIt to enable planning. For this purpose, the LBR-Stack directory, a collection of 

packages of the KUKA LBR iiwa 14 R820 manipulator already compatible with ROS2 humble, 
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was used. The lbr_fri_ros2_stack folder (mhubii, 2021) includes the robot description package 

lbr_description that has the URDF of the robot and its meshes, a MoveIt configuration package 

for simulating the robot in parallel with Gazebo, and packages that provide communication 

with the real robot through the hardware plugin lbr_ros2_control::SystemInterface (mhubii, 

2024). To integrate the manipulator with the attached gripper in the RViz interface, it is 

necessary first to create an executable ROS 2 description package for the 2FGP20 gripper. This 

was accomplished using an Add-In script (fusion2urdf ROS2) from (Dheenadhayalan, 2021) for 

Autodesk Fusion. The created package (Figure 64) provides a URDF folder containing the URDF 

file and a Gazebo file for the gripper, a mesh folder containing the STL files of the gripper 

components referenced in the URDF file, and a launch folder with launch files to initialize the 

gripper in Rviz and Gazebo.  

 

 

Figure 64 - ROS2 Gripper package generated from Autodesk Fusion. 

 

After building this package, it was necessary to establish the binding between the arm 

and gripper packages in MoveIt. To accomplish this, the xacro file in the lbr_description 

package, which is responsible for reading the URDF of the KUKA manipulator, was modified to 

include the URDF from the gripper package. The base of the gripper was attached to the tip of 

the KUKA arm by settling the base link as a child to the manipulator’s end-effector link. After 

connecting the gripper to the arm, the moveit_config package, as the one shown in Figure 28, 

needs to be re-built (or overwritten in this case) because it is essential to update the planning 

groups, collision checking, and controllers to include the respective gripper. Thus, the MoveIt 

Setup Assistant, described in Chapter 3.4, was used to configure the arm and gripper setup. 

Figure 65 illustrates some of the many steps involved in configuring the robotic arm, such as 

defining the hand planning group and the MoveIt controller named hand_controller, which 

has associated the prismatic joint of the gripper: Deslizador2, specifying fixed poses as the 

home position for the robot, and the hardware controller to control the gripper joint, which 

is of the type position_controllers/GripperActionController. 
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Figure 65 - Some configuration steps for the robotic arm in MoveIt Setup Assistant. 

 

4.6.1 Launch KUKA LBR iiwa 14 R820 + 2FGP20 in Rviz 

The initialization of the manipulator with the 2FGP20 in Rviz was done through a launch 

file, as explained in Chapter 3.4. This launch file uses MoveItConfigsBuilder to load the 

configuration parameters from the generated MoveIt configuration package. Since the 

planning will be conducted by global planners, the loaded planning pipelines include OMPL, 
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which contains 24 planners from the OMPL library, and the optimization-based planner 

CHOMP. The selection of these pipelines is based on their popularity in MoveIt, where the 

OMPL planners will be used for generating quick, time-efficient path plans suitable for real-

time applications at Bosch Car Multimédia BRgP installations, and the CHOMP will be 

employed when it is necessary to produce smooth and legible trajectories. The launch file 

reads the planner from the ompl_planning.yaml and the chomp_planning.yaml, files. These 

files aren’t automatically generated by the MoveIt Setup Assistant and need to be created 

manually within the MoveIt configuration package. As explained earlier, several nodes, like 

move_group and rviz_node, need to be launched, which start the Rviz2, static_tf, and 

robot_state_publisher. The arm and gripper controllers also need to be launched to ensure 

the movement of the robot’s joints and the gripper in Rviz.  

It´s important to remember that since the goal of this work is to run the RViz simulation 

with CoppeliaSim, the hardware plugin used is the mock_components/GenericSystem. An 

important note to have in consideration is that when the manipulator is picking the boxes 

from the Dolly Supply and placing them in the access ramps, the boxes are full and have loose 

lids. Thus, the manipulator can´t rotate the end-effector too much after grasping the boxes to 

avoid shaking the electronic components inside, preventing damage, or even dropping them 

while executing the planned path. So, the robot’s movements must be constrained during the 

pick-and-place operations.  MoveIt is constituted by OMPL’s Constrained planning capabilities 

for this purpose. The OMPL-constrained planning requires the addition of configuration 

parameters in the ompl_planning.yaml file or, like in this work case, within the launch file, 

responsible for settling the robot to Rviz. The parameters are the 

enforce_constrained_state_space, which allows for planning within a constrained state space, 

and the parameter projection evaluator, which helps discretize a high-dimensional state space 

by mapping it onto a lower-dimensional Euclidean space through projections (PickNik 

Robotics, 2024f). The visualization of the manipulator in Rviz is illustrated in Figure 66. 
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Figure 66 - KUKA LBR iiwa 14 R820 with 2FGP20 gripper in Rviz. 

 

4.6.2 MoveIt-CoppeliaSim Communication 

In MoveIt, when a robot is executing a trajectory to a specific point, its joints, including 

the gripper joint, are always read by the /joint_states topic. To avoid trajectory errors in 

CoppeliaSim, it is essential for the robot to replicate the same joint movements as in MoveIt 

without any delay. Hence, ROS2 communication was made between the two software. The 

communication logic followed the diagram in Figure 67, where CoppeliaSim sends the poses 

of multiple objects in the manipulator's workspace to MoveIt, while MoveIt continuously 

sends the robot's joint values to CoppeliaSim. 

 

 

Figure 67 – MoveIt-CoppeliaSim Communication Diagram. 
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A node named /joint_state_subscriber was created to subscribe to the /joint_states 

topic, reading the robot’s joint values that are provided in the sensor_msgs/msg/JointState 

message, which contains data describing the state of the controlled joints in MoveIt, including 

the joint names, positions, and velocities (ros2.org, 2020). This node publishes the robot joints 

to a new topic whose message type is readable in CoppeliaSim. For this purpose, the message 

type:  std_msgs::msg::String was used. In the CoppeliaSim MIAR project scenario, a child script 

associated with the robotic arm was made. This script subscribed to the newly created topic 

and applied the joint positions in real time to the CoppeliaSim manipulator.   

To synchronize the opening and closing of the gripper joint in CoppeliaSim with its 

counterpart in MoveIt, a topic named fechar_gripper was created in the main code and was 

responsible for executing the gripper’s finger movement. Each time the gripper is commanded 

to grasp or release an object in MoveIt, the gripper's joint position is set as the message to be 

published on this topic. In CoppeliaSim, the gripper’s child script subscribes to this topic, reads 

the joint position, and applies it as the value for its joint.  

To plan the robot’s movement in MoveIt, the arm must be aware of the obstacles 

around it to detect them and provide collision-free trajectories. To solve this problem, every 

model in CoppeliaSim that impacts the manipulator’s workspace received a child script. This 

script reads the models' poses relative to the arm's base frame and publishes them in a topic, 

with orientation given in quaternion format. To make these objects appear in the Rviz 

environment, a set of code was developed to read the poses from the topics associated with 

each CoppeliaSim model and collision objects were created by reading the models' stl files to 

generate meshes. The objects were then published to the /collision_object MoveIt topic, 

which is responsible for placing objects in Rviz. In Table 5, it is possible to visualize the message 

types along with the associated topics that facilitate communication between the two 

software. 
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Table 5 - Topics and messages used for the MoveIt-CoppeliaSim communication. 

Topic Message Goal 

/joint_states sensor_msgs/msg/JointState 
Used to know the states of 

the robot’s joints. 

/joint_state_string std_msgs/msg/String 
Publishes the robot’s joint 

positions to CoppeliaSim. 

/fechar_gripper std_msgs/msg/String 

Sends the gripper joint 

position in the grasp and 

release actions. 

/caixa400_300_position_orientation 

geometry_msgs/msg/Pose 

Sends the pose of the 

objects located in the 

robot’s workspace. 

/caixa400_300_position_orientation_1 

/caixa400_300_position_orientation_2 

/caixa400_300_position_orientation_3 

/caixa600_400_position_orientation 

/caixa600_400_position_orientation_1 

/caixa600_400_position_orientation_2 

/caixa600_400_position_orientation_3 

/carcaca_position_orientation 

/plataforma_position_orientation 

/rampa1nivel_410_position_orientation 

/rampa1nivel_610_position_orientation 

/collision_object moveit_msgs/msg/CollisionObject 
Creates collision objects in 

Rviz environment. 

 

For a more detailed understanding, Appendix C provides a visualization of how the 

communication is established between the nodes and topics responsible for sending the 

manipulator’s joints from MoveIt to CoppeliaSim. The nodes and topics involved in sending 

the poses of the objects in the CoppeliaSim simulation scenario to Rviz are presented in 

Appendix D. These connections were obtained using the ROS tool rqt_graph, where the nodes 

are represented by an oval format and the topics by a rectangle. 

The difference in the poses generated by the two software in relation to the world 

frame can significantly compromise the arm's ability to manipulate objects correctly in both 

scenarios. Accuracy errors in data transmission exceeding 14 mm can prevent the arm from 

gripping the boxes properly. It is essential that both scenarios are identical. Thus, the URDF, 

used to visualize the manipulator with the gripper attached in Rviz, was utilized to create them 
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in the CoppeliaSim environment. This ensures no differences between the two scenarios 

(Figure 68). 

 

 

Figure 68 - CoppeliaSim-MoveIt Communication. 

 

4.7 Ramp Analysis and Optimization   

An important aspect that needed to be studied before starting the pick-and-place 

operations was to confirm whether the “as is” access ramps would enable the manipulator to 

pick the boxes. A study was carried out to investigate this situation. 

Concerning the two-level ramps, it was confirmed that this type of ramp is unsuitable 

for the pick and place tasks. For both the operations of picking empty boxes from the lower 

level and depositing full boxes on the middle level, the robotic arm did not have configurations 

that would enable it to perform these tasks. The dimensions of the set arm and gripper and 

slight height differences between access levels prevent the manipulator from approaching the 

ramp without colliding with it. Furthermore, due to its high height, the arm cannot reach or 

drop the full boxes on the upper level (Figure 69). This issue automatically limits the possibility 

of increasing the height between the levels. 
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Figure 69 - Attempt to collect or place Targets by the manipulator on the different levels of the ramp. 

 

Regarding the one-level ramps, with the KMR positioned at different distances from 

the 1200 mm corridor, it was concluded that the redundant manipulator could not pick up 

empty boxes from the lower level because the arm links collided with the upper level (Figure 

70 – (a)). Several solutions were proposed to allow the arm to access this type of ramp and 

grab the boxes, such as modifying the height of the ramp levels. In an iterative process, one-

level ramps with different height levels were evaluated based on the distance between the 

KMR and the ramps in the corridor. It was concluded that the lower level height should not be 

reduced. Doing so would not only cause ergonomic strain on the human operators on the 

opposite side of the ramp, forcing them to bend further to place the boxes, but would also 

compromise the path planning for the manipulator. Lowering the level would require the 

platform to move closer to the ramp so that the arm could reach the box, resulting in increased 

difficulty when removing the box due to the reduced distance between the platform and the 

ramp. For the upper level, an increase in the height of 200 mm was determined to prevent the 

robot from colliding with the ramp. However, the height could not exceed 300 mm, regardless 

of the platform’s distance from the ramp. This proposal, however, was deemed unsuitable 

because it would require that all motions to remove the box from the ramp be performed 

using inverse kinematics (IK) instead of a global planner due to the limited manipulation space 

that would significantly increase the time required for the planner to find a feasible solution. 

This strategy also would force the robot to remove the boxes from the lower level by the side 

of the ramp, as there would not be enough clearance to remove the box directly between the 

platform and the ramp. Another suggestion was to design the ramp levels as a staircase (Figure 

70 – (b)). This design would eliminate the issue of the arm colliding with the upper level when 

picking a box from the lower level. However, it would reduce the storage capacity of the upper 
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level and once again create ergonomic disadvantages for the human operators, as the upper 

level would need to be lowered for the arm to reach it. 

 

 

Figure 70 - (a) Collision of the manipulator's links with the ramp upper level; (b) Proposed staircase ramp. 

 

It was suggested that the front bar of the upper level be cut to facilitate the entry of 

the robotic arm into the ramp for reaching the lower level. At the front part of the upper level, 

only the roller rails located at the corners would remain to support the boxes placed at the 

level's entrance. The support structure that holds all the roller rails and connects them to the 

rest of the ramp structure would be repositioned further back not to hinder the arm's entry 

into the ramp. A study was carried out to define the optimal entrance cut for the ramps, 

ensuring their suitability for the project.  From this study, it was concluded that the ideal ramp 

for the 600x400 boxes should have an entrance cut of 500x350 mm, while the ramp for the 

400x300 boxes should have an entrance cut of 300x350 mm. Besides, both ramps would 

require the levels to be raised by 20 cm (Figure 71).  

 

Figure 71 - "To be" one-level ramp. 
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With the lower level raised by 20 cm, it would be possible to perform arm movements 

to pick up the box without resorting to numerous intermediate inverse kinematic (IK) 

movements. Another advantage is that the platform could be positioned farther away from 

the ramp, enabling direct removal of 600x400 boxes from the lower level. The increased 

height of the lower level in the pick operation would facilitate the placement planning of the 

boxes in the platform, as the lower level of the ramp would be closer to the platform's base 

level (Figure 72). For picking operations, the platform should be positioned 455 mm away from 

the ramps that store the 600x400 boxes and 435 mm from the ramps that hold the smaller 

boxes. For placing operations, the platform must be set at a distance of 185 mm from the 

ramps. The technical drawing of the new type of ramp can be seen in Appendix E.   

 

 

Figure 72 - Picking the 600x400 box on the optimized ramp. 

 

A study was also conducted to evaluate whether the proposed modifications for the 

one-level ramps could render the two-level ramps suitable for future applications. In this 

scenario, the upper and middle levels were designed with a cut of 500x350 mm for the 

600x400 boxes and a 300x350 mm cut for the 400x300 boxes. Using the original "as is" level 

heights, it was observed that the arm still collided with the levels during the placement tasks 

(Figure 73 – (a)). However, it could now reach the empty boxes on the lower level (Figure 73 

– (b)).  
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(a) (b) 

Figure 73 - (a) Collision between the robotic arm and the two-level ramp with entrance cuts; (b) Robotic arm 

retrieving an empty box from the two-level ramp with entrance cuts. 

 

Further analysis was conducted to investigate how adjusting the heights of the ramp 

levels could improve their suitability for manipulation operations. From this study, it was 

concluded that all levels needed to be lowered to enable the robot to place boxes on the 

upper and middle levels without collisions (Figure 74).  

 

 

Figure 74 - Box placement and retrieval across different levels of the optimized two-level ramp. 

 

An example of an optimized two-level ramp that supports pick-and-place operations is 

presented in Figure 75. 
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Figure 75 - Example of an optimized two-level ramp. 

 

Although the arm can reach all levels of the two-level ramps, these ramps were not 

considered for the pick-and-place operations studied in this work due to issues of spatial 

clutter and the necessity of reducing the height of all levels. Such height adjustments would 

impose ergonomic strain on human operators, particularly when placing boxes on the lower 

level. Moreover, for the arm to access the lower level, it must be stretched, requiring the 

platform to be positioned closer to the ramp. This is problematic for larger boxes, as the 

limited space between the platform and the ramp would necessitate repositioning the 

platform further away from the ramp to remove the box. Thus, executing a single 

manipulation operation would require additional platform movements, complicating the 

overall process. 

4.8 Pick-and-Place Operations in MoveIt/CoppeliaSim 

In the MIAR project, there are eight manipulation scenarios for the pick-and-place 

operations, four of which relate to picking and placing the two types of Targets on the access 

ramps and four of which relate to picking and placing the respective Targets on the dollies. 

So, eight operation codes must be developed, each adapted to the conditions of its specific 

scenario.  
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The correct execution of trajectories in the manipulator for the MIAR project was 

managed using only two launch files. The first launch file is responsible for creating the 

Coppelia scenario for MoveIt, and the second is responsible for executing the desired task. 

Regarding the first launch file, it is composed of a set of nodes that are initiated 

sequentially. Each node represents a process and is defined by its executable, the package it 

belongs to, and optional parameters such as the node name and output. Event handlers were 

used to register specific transition events between nodes to ensure the sequential execution 

of nodes (Open Robotics, 2024c). This is achieved using the RegisterEventHandler action along 

with the OnProcessExit event handler. The OnProcessExit is triggered when a specified node 

finishes execution, allowing the dependent node to start only after its predecessor has 

finished. This structured method ensures that all processes are executed in the correct order, 

respecting dependencies and preventing potential conflicts during execution. The first nodes 

in this sequence publish each model present in the physical simulator scenario as collision 

objects in Rviz. Depending on the number of models present in CoppeliaSim, the Rviz 

environment is adapted to match the simulation. Nothing is published as a collision object if 

the robot has no obstacles in the scenario. After the sequential run of the nodes responsible 

for publishing the poses, the final node settles the communication between the manipulator 

in MoveIt and the one in CoppeliaSim, as previously explained.  

As already exclaimed, the second launch file handles the execution of the pick-and-

place operations. Depending on the manipulation scenario selected by the user, one of the 

eight possible operations will be executed.  So, this launch file depends on the desired 

operation and takes the name of the CoppeliaSim model the arm must pick or place as input. 

Consequently, this launch file is composed of a sequence of two nodes, both of which receive 

the launch file's input as an argument. The first one corresponds to a node that reads the pose 

of the CoppeliaSim model to be manipulated, provided as an argument, and publishes it in 

Rviz. The second node executes the planning code for the specified object. By structuring the 

process in this way, the scenario is always read before proceeding with the manipulation 

operation.  If there is any positional variation in the models in CoppeliaSim, MoveIt will update 

this change, and the subsequent planning will take this into account. Following this logic, these 

codes could be easily adapted to real-world applications. In the first launch file, cameras would 

detect the real-time positions of the objects relative to the arm depending on where the 

platform stops near the ramps or dollies. In the second launch file, the camera would identify 
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the box that the arm needs to manipulate, and its pose would be sent to MoveIt, allowing the 

arm to execute the trajectories based on its workspace. This approach would be beneficial in 

situations where accuracy errors occur when positioning the KMR in each scenario. To provide 

a clearer understanding of the described method, Figure 76 presents a diagram outlining the 

procedure required to establish the execution of trajectories, where the launch files are 

represented in an oval format and the nodes responsible for publishing the objects in Rviz and 

for the pick-and-place algorithm by a rectangle. 

 

 

Figure 76 - Diagram of the procedure for initializing the Pick-and-Place Operations. 

 

The pick-and-place codes were made using nodes that rely on the 

move_group_interface class, which provides easy functionality to communicate with the 

MoveGroup node. This class is particularly useful for motion planning, setting poses, joint 

configuration goals, and attaching or detaching added objects in the workspace (PickNik 

Robotics, 2024b). The planning groups needed to be declared to set up the 

MoveGroupInterface in each created node. The move_group_arm interface allows the 

planning and control of the manipulator’s movements by interacting with the planning group 

arm, while the move_group_hand interface interacts with the planning group hand, which 

controls the gripper joint. The PlanningSceneInterface class was utilized to access and 

manipulate the planning scene, allowing objects to be added and removed from the 

environment. It was mainly used to consult the current state of the manipulator between 
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transitions in motion trajectories to ensure that the robot plans safe and known movements. 

Moreover, the PlanningSceneInterface is used at the beginning of each node to verify whether 

the object name provided as input to the launch file already exists in the Rviz environment. In 

case the object is not found, the node shuts down, causing the launch file to terminate. If the 

object is in the manipulation space, its pose is read, and all motion planning within the node 

depends on this pose. The planner used to control the arm is defined before initiating motion 

planning through the move_group_arm interface. A home joint configuration for the 

manipulator was also established to ensure uniformity across all required scenarios. For the 

400x300 boxes, the arm is positioned in a joint configuration that ensures the robot can reach 

all the boxes placed on the platform's base. The same logic is applied to the 600x400 boxes, 

where the arm is positioned in a configuration goal that ensures it can pick and place the boxes 

at the back of the KMR, as shown in Figure 63. The arm is able to reach all four large boxes 

through IK without colliding with the support structure and without requiring changes to the 

robot’s configuration during the up and down movements.  

Figure 77 presents a general flowchart to illustrate the workflow of the developed pick-

and-place codes. This flowchart outlines the initial steps, such as detecting the object name in 

the Rviz workspace and the subsequent steps related to the predefined processes for either 

the Pick or Place operation. 

 

 

Figure 77 - General flowchart of the Pick-and-Place operation. 
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Below, there is a brief description of how each node works according to the desired 

operation.  

The code used to pick both types of boxes from the access ramp follows a similar logic, 

differing only in the poses for placing the objects on the KMR. Before planning the 

manipulator’s movements to pick the boxes from the lower level of the ramp, it is necessary 

to apply motion constraints to the robot. As often emphasized, the intention is to generate 

legible and smooth trajectories for the robot arm, ensuring that during execution, the 

manipulator’s joint positions do not vary excessively or assume unforeseen values. For each 

operation, at the beginning of the planning in each node, a set of joint constraints is applied 

to guide the arm along the most predictable path to the goal and to prevent it from realizing 

unexpected movements during the trajectory. Furthermore, the orientation of the arm’s end-

effector must also be constrained because, as previously discussed, the boxes have loose lids 

and may be full, requiring the robot to handle them carefully during transport. In scenarios 

where the arm needs to manipulate empty boxes, a less restrictive tolerance is given to the 

orientation constraint compared to the full boxes. Therefore, in the pick scenario, a 

constrained path is planned to move the robot’s end-effector to the ramp entry. Since the 

intention is to generate paths within the shortest possible time, each planning attempt is 

assigned a planning time of 1 second. It was considered that the planner is allowed a maximum 

of 10 attempts to find a solution. If the planner fails to compute a valid trajectory, the node 

shuts down, and the entire operation is canceled. For motion execution, the manipulator is 

restricted to a maximum velocity of 10% of its total capacity, and the same logic applies to the 

maximum allowable acceleration. Due to the limited space near the ramp, the arm is moved 

close to the box and subsequently to the grasp pose using the MoveGroup function 

computeCartesianPath. This function allows the robot to execute linear movements by IK 

following specified waypoints with a defined step size (I. Sucan, 2017). After grasping the box, 

the arm retreats from the ramp using a cartesian path and returns to the home position, once 

again, through the constrained planner. Finally, the arm normally approaches the place pose 

via planned motion and deposits the box using another cartesian path.  

The flowchart presented in Figure 78 expresses all the steps related to the pick 

operation code. It is important to note that each planning process block is associated with a 

decision block that verifies the number of planning attempts and an execution block. 
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However, to avoid excessively extending the flowchart, these blocks are only explicitly shown 

in the first instance and subsequently represented by a simplified "Plan and Execute" block. 

 

 

Figure 78 - Flowchart of the Pick operation. 

 

To place the Targets on the ramp, the manipulator must retrieve the requested box 

from the KMR and place it on the upper level of the ramp. Before starting with the intended 

operation, the current joint positions are read and compared with the defined home 

configuration. If the arm is not in the desired goal, it is moved to the initial configuration 

before starting the task of placing the boxes. First, only joint position constraints are applied 

to pick the boxes from the platform, as the arm is already in a suitable pose to grab them. If 

the orientation constraints were added, the computation time required to find a feasible path 

would unnecessarily increase. Once the arm grips the box to be manipulated, it retreats to the 

home configuration, where it starts planning a new path to place the box on the upper level. 

Since the arm is now handling a full box and the planning process for placing it is more 
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challenging, an orientation constraint is considered to avoid issues during manipulation. Like 

in the picking operation, the cartesian path is used to approach the box for grasping and used 

to move away from the box after releasing it. Figure 79 illustrates the flowchart of the place 

operation. 

 

 

Figure 79 - Flowchart of the Place operation. 

 

When it comes to picking and placing Targets in the Dolly Supply, the same principles 

are applied as in the previous cases. The flowcharts presented in Figure 78 and Figure 79 are 

equally applicable to these scenarios, with the primary difference being that, instead of a 

ramp, the obstacle to the manipulator's trajectories is a dolly. 
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5 Analysis of Results 

This chapter details the tests and results obtained to validate the most suitable motion 

planner for the MIAR project. 

Initially, an analysis is conducted comparing ten motion planners using their default 

settings for pick-and-place operations at the access ramps. Subsequently, the planner that 

demonstrated the best performance in the initial study is subjected to customization tests to 

assess its viability in generating smooth trajectories. 

Finally, the chapter highlights the outcomes of the eight manipulation operations 

performed using the motion planner selected for the project. 

5.1 Selection of the Ideal Motion Planner 

As explained in Chapter 3, selecting the most suitable motion planner for the pick-and-place 

operations in this project is a key goal. The manipulator must perform its tasks in the shortest 

possible time, avoiding obstacles within its workspace and providing smooth and legible 

movements. Since there isn´t an ideal motion planner for every manipulation scenario, the 

selection process was based on a comparison of different motion planners.  

Several benchmarking studies have been conducted to identify the best planner 

solution for practical problems. Wesley Reis et al. (2019) used the MoveIt tool OMPL Planner 

Arena to compare various OMPL planners, such as Bi-TRRT, RRT*, and RRT. The evaluation 

metrics included total planning time and path length for a 6-DoF manipulator. From the 

effectuated analysis, the planners T-RRT and RRT-Connect yielded the best results. Gomes De 

Brito (2018) compared OMPL planners in MoveIt to choose the most qualified one for planning 

a vine pruning task. Five different tests were carried out, using maximum, minimum, and 

average planning time and the success rate of path planning attempts as evaluation metrics. 

Planners like BiEST, KPIECE, LazyPRM*, and RRT-Connect were highlighted. S. Yang et al. 

(2023) presented a benchmarking study of motion planners in cluttered environments. Having 

as metrics the meantime for performing feasible paths and the success rate of planning 

attempts for 12 different planners, RRT-Connect and BKPIECE were identified as standout 

options. S. Liu & Liu (2022) also made a benchmarking study, evaluating planners based on 
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success rate, path planning time, and a path smoothness metric to validate whether the 

trajectory is smooth. The latter metric measured the angle between three consecutive points, 

where values closer to 0 indicate smoother trajectories due to a higher rate of straight-line 

segments. This study concluded that the RRT-Connect planner is a good option for high-

complexity scenarios.  

Given this overview, it can be concluded that selecting the appropriate motion planner 

depends on the distribution of the manipulation scenario. Consequently, a motion planning 

benchmarking study was conducted for the MIAR project. The experiments were carried out 

on a personal computer using Ubuntu 22.04. The computer consisted of an MSI Katana 15 

B13VGK-2040 laptop equipped with a 13th-generation Intel Core i7 processor, 32 GB of RAM, 

a 1 TB solid-state drive (SSD), and an NVIDIA GeForce RTX 4070 GPU. It is noteworthy that the 

comparison was exclusively conducted using MoveIt, employing the pick-and-place codes 

outlined in section 4.8.  

A group of planners was compared across four different scenarios corresponding to 

the pick-and-place operations of the two types of boxes on the access ramps. These scenarios 

were considered due to their critical importance to the overall project and their complexity 

related to the limited space available for placing the boxes on the ramps. To take benefit of 

the best planner, the worst-case scenario was considered for each planning, where the robot’s 

workspace was fully occupied by the maximum possible number of objects. For example, 

when the manipulator needed to pick up or place 600x400 boxes on the ramp, it was assumed 

that the platform was already full of 400x300 boxes, and vice versa. 

The comparison involved the planners RRT-Connect, T-RRT, BiEST, KPIECE, and 

LazyPRM*, which were highlighted earlier in the reviewed studies. Optimized versions of some 

mentioned planners, such as PRM* and RRT*, were also included in the benchmarking. 

Additionally, planners like Bi-TRRT, RRT, and ProjEST were considered after satisfactory results 

were obtained during preliminary testing in the indicated scenarios. 

When it comes to choosing the benchmarking metrics, the analysis considered total 

planning time, total execution time, path length, and the success rate in finding a solution to 

measure the performance of each planner. A smoothness factor was included to evaluate the 

quality of the generated paths. This parameter is derived from the metric used in the 

benchmarking study by Cohen et al. (2012) to measure path smoothness. For a path composed 

of n segments, the angle α i between two consecutive segments is calculated, and the 
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following Equation 5.1 is applied. The lower the value of this metric, the smoother the 

trajectory is considered. 

 

𝐾 =
1

𝑛
 ∑ 𝛼𝑖

2

𝑛

𝑖=2

  5.1 

 

In MoveIt, each planner includes multiple parameters that can significantly influence 

the performance of the sampling-based planners. Since modifying and testing each parameter 

individually by planner would be a time-consuming process, all the mentioned planners were 

compared using the default parameters provided by the MoveIt 2 package. A planning time of 

1 second was specified for each planner, as the goal is to achieve fast planning, along with the 

constraints and motion kinematics explained in Section 4.8. Each planner was simulated ten 

times for each operation. The optimization-based planner CHOMP was initially considered for 

this benchmarking study. However, this planner typically generates long processing times, as 

highlighted in (S. Liu & Liu, 2022). Given the defined constraints and the settled planning time, 

CHOMP was unable to find a solution without adjustments to its parameters. As a result, this 

planner was excluded from the benchmarking study.   

The benchmarking process was inspired by the OMPL Planner Arena from MoveIt, 

utilizing Tukey Boxplots to compare the performance of each planner across different metrics. 

Similar to the Planner Arena, the plot analyses in this study exclude data from failed attempts 

by the planners. This exclusion is crucial for correctly interpreting the studied plots because 

some planners may present data from the total number of planning attempts, while others 

might show a subset. To address this issue, as done in the Planner Arena, a table showing the 

success rate of each planner is presented alongside the plots (Moll et al., 2015). 

As the goal is to identify a suitable planner for all the required operations on the Bosch 

shop floor, any planners that fail to compute a solution within the 10 defined attempts are 

automatically excluded from consideration. 

The analysis of the obtained results is thoroughly addressed in the subsequent section. 
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5.2 Analysis of the Motion Planners Comparison 

As explained in section 5.1, a benchmarking study of ten OMPL planners was performed 

for the scenarios involving the access ramps, using the planning and execution times, path 

length, a smoothness metric, and the success rate in finding a solution as evaluation metrics. 

The results are presented below for the place operation involving the 600x400 boxes, 

which consists of placing the boxes on the upper level of the ramp. Due to the many metrics 

and planners included in the comparison, the analyses for the remaining operations are 

presented in Appendix F. In the operation of placing the 600x400 boxes, it was observed that 

all the planners provided relatively short planning times for both the placement and retreat 

paths (Figure 80). However, RRT-Connect and BiEST exhibited slightly higher values compared 

to the others.  

 

Figure 80 - Comparison of planning and execution times for the place operation of the 600x400 boxes. 

 

A significant discrepancy was observed between the planners in terms of execution 

time. The planners that demonstrated the best results were ProjEST, RRT, RRT*, PRM*, and T-

RRT. This latter planner contained outliers, one in the place execution time and two in the 

retreat execution time. These outliers resulted from execution times that exceeded the upper 

whisker, meaning values higher than the upper quartile (Q3) by 1.5 times the interquartile 

range. Although LazyPRM* and KPIECE had a high place and retreat execution times, it is 
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notable that half of their values are concentrated as their median values were below 10 

seconds. 

These execution time values are reflected in the path length of the entire operation 

generated by each planner (Figure 81). Planners with higher execution times, such as BiEST 

and RRT-Connect, produced longer paths, while planners like RRT, ProjEST, and PRM* yielded 

shorter paths. 

 

Figure 81 - Comparison of the path length for the place operation of the 600x400 boxes. 

 

Using the metric explained earlier, smoothness was observed. Planners producing 

longer paths tended to create smoother trajectories (Figure 82). These planners prioritized 

the motion constraints specified in the operation code rather than finding the fastest path to 

the goal. As a result, they generated longer and unnecessary paths to yield more linear paths, 

while other planners allowed larger angles between the segments that composed the path. 
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Figure 82 - Comparison of the smoothness factor for the place operation of the 600x400 boxes. 

 

Regarding the success rate in finding a feasible solution, most planners successfully 

generated a valid path, except the RRT-Connect planner, which failed in one attempt. Only 

ProjEST, RRT, PRM*, and KPIECE consistently found a solution on the first attempt (Figure 83). 

 

 

Figure 83 - Number of attempts for the place operation of the 600x400 boxes. 

 

From the pick operation of the 600x400 boxes presented in Appendix F, it is possible 

to analyze that only the Bi-TRRT and T-RRT planners achieved good results in terms of planning 

time and execution time for both the pick and retreat movements of the task, with Bi-TRRT 

showing outliers for the pick execution time. The remaining planners exhibited high execution 

time values for the pick movement, with very dispersed data. These results are also expressed 

in the path length metric, as these two planners generated the shortest paths. 

Regarding the smoothness factor, the standout planners were once again Bi-TRRT, T-

RRT, and RRT*. Unlike the previous operation, all planners successfully found a path in this 

operation. Bi-TRRT, T-RRT, PRM*, and LazyPRM* have achieved high success rates. Based on 

this analysis, it can be concluded that these two first planners were the best options for this 

operation. 
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For the place operation with the 400x300 boxes, all the planners generally presented 

good planning and execution times, with the ProjEST, Bi-TRRT, and RRT planners standing out. 

However, the RRT-Connect, LazyPRM*, and BiEST planners showed high execution times. The 

planners that created the shortest paths were Bi-TRRT, ProjEST, RRT, RRT*, and PRM*. Despite 

the favorable results presented by the Bi-TRRT planner, it is important to note that it could 

not find a feasible solution in all 10 attempts. This planner failed one time to find a solution 

for the placing operation and, consequently, for the retreating movement. RRT-Connect, 

BiEST, and LazyPRM* were the planners that contributed to smoother trajectories. However, 

once again, considering the success rate, the RRT-Connect and BiEST planners failed to find a 

solution at least twice. Therefore, the RRT-Connect, Bi-TRRT, and BiEST planners were 

excluded from the selection of the most appropriate planner for the MIAR project, regardless 

of their good performance in other operations. 

In the pick operations with the 400x300 boxes, only two planners stood out in the 

generated times: Bi-TRRT and T-RRT. While Bi-TRRT demonstrated shorter planning times, T-

RRT provided shorter execution times. Although this interpretation might suggest that T-RRT 

generated shorter paths, when analyzing the plot based on the operation length, it is verified 

that Bi-TRRT generated shorter solutions. This is confirmed by its lower mean, smaller 

interquartile range, and shorter whiskers. Despite being faster at generating solutions with 

minimal distances, both Bi-TRRT, T-RRT, and KPIECE displayed trajectories with less 

smoothness. This is confirmed by their higher smoothness factor values, which are 

approximately 0.05. In contrast, the RRT-Connect planner excelled in this metric. When 

examining the success rate, several planners, namely BiEST, ProjEST, RRT, RRT*, and PRM*, 

failed to find always a solution. Over 60% of the attempts executed by ProjEST, RRT, and RRT* 

were unsuccessful. Among all the planners, Bi-TRRT was the only one that consistently found 

a solution on the first attempt.  

The conducted benchmarking study concluded that many planners could not produce 

paths for the operations involving the manipulation of the 400x300 boxes. This lower success 

rate compared to the tasks involving the 600x400 boxes can be attributed to the limited space 

between the platform and the access ramps. The smaller boxes are positioned at the base of 

the platform, making the required manipulator movements more challenging than picking or 

placing the larger boxes in the conceptual structure located at the back of the KMR. Among 

all the considered planners only three were able to find suitable solutions in all four scenarios, 
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which were KPIECE, LazyPRM* and T-RRT planners. Since T-RRT delivered the best overall 

results, performing well across all evaluation metrics, it was chosen as the planner for the 

MIAR project. 

5.3 Optimization of the Motion Planner 

T-RRT planner demonstrated satisfactory results for most box manipulation tasks. 

However, as presented in the previous analysis, its performance on the smoothness metric 

was the worst in the place operation for 400x300 boxes, and it also showed high values for 

the pick operation. One alternative to address this problem is further limiting the orientation 

constraint for the manipulator's end-effector. This adjustment would ensure safer handling of 

the filled 400x300 boxes and reduce the variability in trajectory generation. The T-RRT planner 

was customized by tweaking its parameters to achieve faster solutions without fully 

compromising path quality through an iterative process. The initial temperature, parameter 

that was mentioned in Section 3.2.4, was augmented as it is recommended that it should be 

high at the beginning of the algorithm to enable a broader exploration (Kavraki Lab, 2024). 

The max_states_failed parameter was reduced to accelerate the temperature increase after 

a few failed transitions to new states, while the temp_change_factor was raised to promote 

faster temperature adaptations during failed transition tests. It is important to emphasize that 

while these changes may increase the search for solutions, they could lead to poorer paths 

being found. On the other hand, to ensure safer handling and reduce tilting during 

manipulation, the orientation constraint of the end-effector was restricted for the 400x300 

boxes. This constraint was also adjusted for the placement code of the 600x400 boxes, as they 

are placed full on the upper level of the ramp. MoveIt includes post-processing algorithms to 

time parameterization kinematic trajectories, considering the velocity and acceleration 

values. To prevent jerky movements of the manipulator and improve smoothness, the Ruckig 

jerk-limited smoothing algorithm was used during the pick-and-place operations (PickNik 

Robotics, 2024d). The performance comparison between this custom T-RRT and the default 

one for the benchmarking metric across the different operations is depicted in Appendix G. 

Another post-processing optimization technique that can be employed is using CHOMP 

as a post-processor for OMPL (PickNik Robotics, 2024e). In this approach, the custom T-RRT 

finds a solution, and CHOMP subsequently optimizes the trajectory. The CHOMP trajectory 
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initialization method fillTrajectory was selected to ensure that the computed path from T-RRT 

was received. Similarly to the previously considered process, the CHOMP parameters were 

modified iteratively to guarantee a solution in the shortest possible time. The maximum 

number of iterations after establishing a collision-free trajectory was reduced, the weight of 

smoothness in the cost function was considered, a minimum obstacle clearance was defined, 

and the enable_failure_recovery parameter was set to true, which enables CHOMP to adjust 

its parameters in case the first attempt with the specified parameters fails. The performance 

of this parameter is also illustrated in Appendix G.  

For operations involving the 400x300 boxes, it was observed that the custom T-RRT 

could generate faster paths, even though the manipulator was more restricted. The execution 

time values were similar to the default planner, but the path length was shorter with more 

concentrated values, as indicated by the smaller interquartile range. This reduced variation in 

values may be attributed to restrictions imposed in the codes that force the algorithm to 

execute trajectories in a certain direction consistently. In both operations, the use of restricted 

orientation constraints contributed to smoother paths, particularly in the placement scenario, 

where the reduction was significant. Regarding the T-RRT with CHOMP, it was verified that 

although the OMPL quickly found initial solutions and the CHOMP parameters were adjusted, 

the post-processing time remained lengthy. The planning time ranged from 6 to 7 seconds, 

which is too long for practical real-world applications. For the smoothness metric, this planner 

achieved low values and, in the pick operation, even outperformed the custom T-RRT. 

Although not included in Appendix G, in the ten simulations conducted for each planner, both 

were able to find solutions, usually in one or two attempts. In one simulation of the pick 

operation, the planner T-RRT with CHOMP required six attempts to find a solution for the 

retreat movement to the home position. This result was reflected in the outlier in the planning 

time for the retreat movement in the respective operation. 

Regarding the pick and place operations involving the larger boxes, the custom T-RRT 

planner generally demonstrated shorter planning times than the default planner. However, 

its execution times were slightly higher in both operations.  In turn, the default planner 

exhibited higher mean execution times for the place operation due to the presence of outliers. 

The custom planner produced shorter trajectories for the path length metric in both 

operations. Concerning the smoothness metric, both planners displayed similar values for the 

pick operation, as the retreat phase consists of a short movement without any collision objects 
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in its path. Nonetheless, custom T-RRT had better results in the place operation. As previously 

discussed, this performance behavior may result in the restricted orientation constraint 

applied to this operation. The custom T-RRT with CHOMP planner accomplished results similar 

to those of the custom T-RTT. Nevertheless, it required longer planning times due to the post-

processing step, resulting in values of around 6 to 7 seconds. 

From all this analysis, it can be concluded that both the customized T-RRT planner and 

the planner in conjunction with CHOMP delivered better results in the smoothness metric for 

small box operations. This outcome was desired, as the default T-RRT planner exhibited high 

values for this metric. The planners had similar results for operations with larger boxes, 

although the two customized planners generated shorter paths than the default one. It is also 

evident that adding CHOMP as a post-processor did not significantly enhance the performance 

of the custom T-RRT. The results remained similar, with the additional drawback of increased 

planning time. This is likely attributed to the parameter adjustments made to CHOMP, where 

the concern was minimizing the post-processing time rather than improving the planner's 

smoothness. Therefore, based on the realized study, the customized T-RRT is the most suitable 

planner for the working environment present in the MIAR project.  

5.4 Manipulation Operations Using the Selected Motion Planner 

The customized T-RRT motion planner demonstrated the best performance, according 

to the studies conducted earlier. The comparison focused solely on scenarios where the boxes 

were stored on the access ramps due to the challenging nature of this environment for the 

manipulator during the tasks. However, this evaluation did not include the four additional 

scenarios where the robot picks and deposits the Targets in the dollies located at the Dolly 

Supply area. Therefore, the chosen motion planner was tested for the eight manipulation 

scenarios to ensure its suitability for the MIAR project. This analysis considered all possible 

pick-and-place operations involving the transport of the Targets. Unlike the previous 

benchmarking studies, these tests incorporated real-time communication between MoveIt 

and CoppeliaSim. 

This analysis verified that the planning times occasionally exceeded expectations 

compared to the results obtained solely in MoveIt. This slight discrepancy can be attributed 

to the continuous communication between the two software systems, which imposes greater 
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computational demands on the system. Despite this, the planner successfully identified 

feasible solutions for the various case scenarios. 

The chosen planner was determined to effectively accomplish all intended tasks with 

satisfactory results. Figure 84 shows the outcomes of the picking operations for the 600x400 

boxes and 400x300 boxes from the ramp. 

 

  

(a) (b) 

Figure 84 - (a) Picking 600x400 boxes from the ramp. The task can be seen in: https://youtu.be/4_dr845m8Tw; (b) Picking 

400x300 boxes from the ramp. The task can be seen in: https://youtu.be/8CKV2Hu8QAo. 

 

Similarly, the placement of the 600x400 boxes on the ramp, as well as the placement 

of the 400x300 boxes, can be checked in Figure 85. 

 

  

(a) (b) 

Figure 85 - (a) Placing 600x400 boxes in the ramp. The task can be seen in: https://youtu.be/a5ITRRm8M_8; (b) Placing 

400x300 boxes in the ramp. The task can be seen in: https://youtu.be/GSF92bFSyIc. 

 

 

https://youtu.be/4_dr845m8Tw
https://youtu.be/8CKV2Hu8QAo
https://youtu.be/a5ITRRm8M_8
https://youtu.be/GSF92bFSyIc
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Finally, the operations conducted in the Dolly Supply area are depicted in Figure 86, 

showcasing both types of operations for the two box sizes. 

 

(a) 

  

(b) 

  

 600x400 boxes 400x300 boxes 

Figure 86 - (a) Picking the Targets from the Dolly Supply. The picking task for the large boxes can be seen in: 

https://youtu.be/0hr2zuzmehs. The picking task for the small boxes can be seen in: https://youtu.be/aKFyQ0qsOxU; (b) 

Placing the Targets in the Dolly Supply. The placing task for the large boxes can be seen in: https://youtu.be/kp6llsDKCKc. 

The placing task for the small boxes can be seen in: https://youtu.be/3-6wfUqV1q8. 

 

 

 

 

 

 

 

 

 

 

 

 

https://youtu.be/0hr2zuzmehs
https://youtu.be/aKFyQ0qsOxU
https://youtu.be/kp6llsDKCKc
https://youtu.be/3-6wfUqV1q8
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6 Conclusions 

As outlined at the beginning of this dissertation, the primary objective was to develop 

collision-free pick-and-place trajectories for the redundant manipulator KUKA LBR iiwa 14 

R820, integrated into a mobile robot. The manipulator’s tasks involved picking up full Targets 

from the Dolly Supply, placing them on access ramps, removing the empty boxes from the 

lower level of the ramps, and returning them to the storage buffer. As there are two different 

types of Targets, the 600x400 boxes and 400x300 boxes, it was necessary to perform eight 

different manipulation operations to achieve the goals of this work. 

A digital twin of the manipulator’s workspace at the Bosch Car Multimedia shop floor 

was successfully created in CoppeliaSim. This simulation scenario incorporated models of the 

Targets, dollies, dollie channels, and access ramps, which were initially designed in Autodesk 

Fusion and later imported. The scenario was used to validate the autonomous mobile 

manipulator's ability to execute the required operations. It was concluded that the arm could 

handle up to four Targets from the dollies, while the KMR could transport either four smaller 

boxes or two larger Targets at its base. To address the low storage capacity of the mobile 

platform, a conceptual structure capable of carrying eight Targets, four of each type, was 

designed and served as a practical solution for the manipulation tests, meeting the project's 

requirements. 

Regarding the selection of the gripper, a detailed analysis using the weighted 

objectives method identified the collaborative 2FGP20 gripper as the most appropriate choice. 

Despite meeting the required requirements, the chosen gripper's height limited the 

manipulator's ability to handle the maximum Target weight of 8 kg. Custom gripper fingers 

were designed and simulated using a linear static analysis to endure such loads and withstand 

the maximum gripping force. The analysis revealed that the finger more susceptible to high-

stress values was the movable finger, primarily due to its greater length. Although the fingers 

appeared to be over-dimensioned, their shape optimization was postponed, given their 

provisional nature in the project’s initial phase. 

It was determined that the current access ramps make it impossible to place or collect 

the Targets. A new design featuring a cut in the front area of the upper level was proposed. 
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This study was critical to ensure the manipulator retreats from the ramps after picking up the 

boxes on the lower level. 

A key objective to consider in the project is that the movement of the manipulator 

must be legible and smooth during operations, given that KMR will be working in an area 

surrounded by human operators. Although these operators will not directly interact with the 

manipulator, they must be aware of its actions. Thereby, joint and orientation constraints 

were implemented in MoveIt to ensure proper handling and control of the arm. Given the 

variety of motion algorithms available in MoveIt, a benchmarking study was conducted on the 

scenarios that present more significant challenges for the arm, which are the tasks of picking 

and placing the boxes on the ramps. The comparison revealed that only three planners could 

guarantee solutions across the four manipulation scenarios, which were KPIECE, LazyPRM*, 

and T-RRT, with the latter achieving the best results. This planner was further customized to 

enhance trajectory smoothness while maintaining short planning times. CHOMP was also used 

as a post-processor to improve the results. However, it was concluded that the outcomes were 

similar, with T-RRT emerging as the most effective planner. 

An innovative communication method between CoppeliaSim and MoveIt was 

developed, leveraging ROS2 functionalities to connect these software. While MoveIt was used 

with the purpose of generating trajectories for the robotic arm because it enshrines a set of 

planning pipelines such as CHOMP, PILZ, and OMPL, CoppeliaSim was employed to simulate 

all physical interactions during the simulation.  This accomplishment benefits robotics by 

providing a viable way for communicating between the two software. This approach could be 

useful in future research instead of resorting to the traditional MoveIt-Gazebo connection. 

Furthermore, it enables the application of new planning algorithms to CoppeliaSim for 

trajectory generation, rather than limiting CoppeliaSim to only using the OMPL library via a 

plugin. 

Overall, the developed project successfully achieved its main objective of developing 

safe and smooth movements for a manipulator during logistics tasks. The intensive analysis 

performed to select the most suitable planner for the project can serve as a future guideline 

in research projects with similar manipulator workspaces. 
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6.1 Future work 

Albeit the goals reached in this dissertation represent a significant milestone for the 

initial phase of the MIAR project, many factors still require further analysis, and certain 

limitations need to be overcome. Next, several suggestions are outlined for consideration in 

potential future studies. 

It is important to recognize that not all goals were fully met. In particular, selecting the 

gripper for the arm presented challenges, as no solution currently fulfills all the system's 

requirements. To cope with this problem, the development of a custom gripper should not be 

discarded. This approach would present a challenge for the project, as the gripper would need 

to be lightweight, capable of handling the maximum weight required for the boxes, and have 

small dimensions to avoid affecting the arm's payload. Furthermore, the development of 

optimized fingers should also be considered in the advanced stages of the project. 

Alternatively, exploring a different arm for the project could open a broader range of 

available grippers on the market, reducing the need for custom development. The arm would 

need to be redundant to handle the challenging pick-and-place tasks while maintaining the 

quality of generated paths and avoiding obstacles. It would also need to be compatible with 

an omnidirectional platform with dimensions less than 1200 mm to navigate the narrow aisles 

of the shop floor with sufficient maneuvering space. 

The integration with the Task Manager, the submodule responsible for issuing 

commands for the various robotic tasks of the project, constitutes a crucial subsequent step. 

The Arm Planning submodule must be capable of receiving the planning order and the object 

to manipulate from the Task Manager. To enable the arm to grasp a specific object, the object 

must first be detected and identified, and collision objects like the dollies and the ramps must 

be recognized. Therefore, a robust connection between the Arm Planning submodule and the 

Vision System submodule is essential. These interconnections will significantly contribute to 

realizing the previously outlined global architecture. 

The development of pick-and-place codes, as well as a similar study to the one 

presented in Chapter 5 should also be applied to the scenarios involving the two-level ramps, 

as it would open doors to integrating these types of ramps into the future of the project if 

such ramps become eventually necessary.  
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In terms of trajectory planning, other pipelines should be explored, such as the STOMP 

planner, which was not included in the current work, but it has already proven to produce 

better results than CHOMP, both in terms of planning time and smoothness, as can be 

inspected in (S. Liu & Liu, 2022). Like CHOMP, STOMP can also be integrated as a post-

processor with the OMPL planners in MoveIt. 

Although sampling-based planners such as those from OMPL can find solutions quickly 

in complex environments, they tend not to be deterministic, meaning that different 

trajectories can be yielded for the same initial conditions and start and goal configurations. 

Regardless of how well-suited the chosen planner attends to be, this unpredictability presents 

a challenge in logistics projects, such as the case study presented at Bosch, where reliability is 

crucial. To address this, pre-planned paths tailored for each specific task could be employed. 

This change would eliminate planning times that exceed expectations and less successful 

trajectories. As a result, the planner's selection would not focus on finding a quick solution but 

instead prioritize generating high-quality paths. Asymptotically optimal planners like RRT*, 

PRM*, and LazyPRM* would be more relevant, as their convergence towards an optimal 

solution can be slow. Optimization-based planners such as CHOMP could be enhanced by 

adjusting the weights of the cost functions to prioritize smoothness and obstacle avoidance. 

Precision issues may arise in practical cases since the arm is positioned on top of a platform, 

making the pre-planned path insufficient for safe manipulation. Employing a hybrid approach 

would be beneficial for the project to avoid potential collisions in real-time. Incorporating a 

local planner is crucial during the phases of gripping the boxes and positioning the arm onto 

the lower level of the ramp.  
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Annex  

A. Workspace Graphic for the KUKA LBR iiwa 14 R820 

The present annex was adapted from (KUKA, 2019). 
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Figure 87 - Number of attempts for the pick operation of the 600x400 boxes. 
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Figure 88 - Number of attempts for the place operation of the 400x300 boxes. 
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Figure 89 - Number of attempts for the pick operation of the 400x300 boxes. 
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