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RÉSUMÉ

Les manipulateurs robotiques sont au cœur d’un large éventail d’applications, allant des
tâches de soudage industriel aux interventions chirurgicales de précision. Face à la demande
croissante d’applications innovantes, les entreprises de robotique doivent adapter leur pro-
cessus de conception afin d’évaluer efficacement les nouveaux concepts et les compromis en
matière de performances. Constatant le manque d’efficacité des premières étapes de la con-
ception, cette thèse présente le développement d’un outil polyvalent conçu pour optimiser et
explorer la conception préliminaire des manipulateurs robotiques à chaîne cinématique ou-
verte. Une analyse approfondie de la littérature a révélé les principales limites des méthodolo-
gies existantes, notamment en ce qui concerne la généralisabilité des modèles, la polyvalence
des applications possibles et la flexibilité algorithmique. Cette étude vise donc à relever ces
défis en introduisant un outil complet intégrant à la fois des approches de conception directe
et inverse, permettant une évaluation efficace de concepts de manipulateurs robotiques.

La méthodologie développée dans ce mémoire de maîtrise utilise un modèle de manipula-
teur intégrant des composants cinématiques, dynamiques, structurels et d’actionnement. Le
modèle cinématique utilise la convention des séquences de transformation élémentaires pour
l’interprétabilité, tandis que les modèles dynamiques et structurels proposent des représenta-
tions simplifiées des propriétés des membrures. Les actionneurs, représentés par un moteur
et un réducteur, sont utilisés pour dériver trois modèles de limites de performance à des fins
d’évaluation différentes. Un module de cinématique inverse optimisé est également inclus,
guidant la sélection de la configuration des joints avec l’optimisation d’un objectif secondaire.

L’outil comprend un ensemble de fonctions d’évaluation de critères de performances dévelop-
pées suite à une études des indicateurs fréquemment mentionnés dans la littérature et les
fiches techniques commerciales. Ces fonctions englobent des critères d’évaluation globaux,
ainsi que des indicateurs spécifiques à des cas d’utilisation, définis par des positions dans
l’espace ou des chemins ou trajectoires à suivre. Une nouvelle application des méthodes
d’optimisation est proposée pour dériver des indices de performance locaux globalisés en
identifiant les configurations articulaires critiques. L’efficacité des fonctions d’évaluation est
démontrée à travers l’analyse d’un modèle du robot collaboratif Kinova GEN3, les évaluations
nécessitant généralement moins de deux minutes.

Le module de conception inverse intègre un ensemble de variables de conception, notam-
ment des paramètres cinématiques et des configurations d’actionneurs, ce qui lui permet
de s’adapter à diverses applications robotiques. Une sélection d’algorithmes d’optimisation
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largement utilisés dans la littérature est incluse afin de tirer parti de leurs atouts respec-
tifs pour différents problèmes de conception. La flexibilité de l’outil permet à l’utilisateur
d’adapter les problèmes d’optimisation en utilisant des critères de performance globaux ou
spécifiques à une tâche, surmontant ainsi les limites traditionnelles observées dans la littéra-
ture.

Afin de déterminer les stratégies d’optimisation les plus efficaces, l’étude introduit un système
de classification des problèmes de conception inverse. Six classes sont définies, variant en ter-
mes de dimensionnalité, de contraintes et de types de variables. Une analyse comparative
des performances des algorithmes dans ces différents cas révèle que différents algorithmes
excellent dans différents scénarios. Par exemple, l’algorithme CMA-ES est généralement
performant pour tous les problèmes à objectif unique, trouvant la meilleure solution dans
67 % des problèmes étudiés, tandis que l’algorithme d’optimisation bayésienne identifie les
meilleurs résultats avec 20 à 30 % d’évaluations en moins pour les problèmes à faible di-
mension. En ce qui concerne les problèmes à objectifs multiples, l’optimisation bayésienne
excelle dans les scénarios à faible dimension, tandis que l’algorithme NSGA-II est plus perfor-
mant dans les dimensions supérieures. Un arbre de décision est présenté dans le but d’aider
l’utilisateur dans le choix de l’algorithme en fonction des caractéristiques du problème.

Dans l’ensemble, ce mémoire contribue au domaine de l’optimisation des manipulateurs en
développant un outil qui répond efficacement à un large éventail de défis de conception et four-
nit une base pour de futures applications académiques et industrielles. La mise en œuvre de la
méthodologie sous la forme d’un outil Python pour KINOVA Robotics représente une avancée
pratique vers l’accélération du processus de conception et la promotion de l’innovation dans
les concepts de manipulateurs robotiques.



vi

ABSTRACT

Robotic manipulators are at the heart of a wide range of applications, ranging from indus-
trial welding tasks, to precise medical surgeries. As the demand increases for innovative
applications, robotics companies must adapt the design process to efficiently evaluate novel
concepts and performance trade-offs. In observation of the lack of efficiency in the early
stages of design, this thesis presents the development of a versatile framework designed to
optimize and explore the conceptual design of serial robot manipulators. A thorough litera-
ture review revealed key limitations in existing methodologies, particularly concerning model
generalizability, versatility in possible applications, and algorithmic flexibility. Thus, this
study aims to address these challenges by introducing a comprehensive tool that integrates
both direct and inverse design approaches, enabling the efficient evaluation of manipulator
concepts.

The framework proposed in this master’s thesis uses a manipulator model incorporating kine-
matic, dynamic, structural, and actuator components. The kinematic model uses Elementary
Transform Sequences for interpretability, while the dynamic and structural models offer sim-
plified representations of link properties. The actuators are represented with their motor and
reducer components and three performance limit models are derived for different evaluation
purposes. An optimized inverse kinematics module is also included, guiding configuration
selection with the optimization of a secondary objective.

The framework includes a set of performance evaluation functions based on the literature and
commercial data-sheets. These functions encompass criteria for both global and task-specific
performance evaluation over position, path, and trajectory-based tasks. A novel application
of optimization methods is proposed to derive globalized local performance indices by identi-
fying critical joint configurations. The efficiency of the evaluation functions is demonstrated
on a model of the Kinova GEN3 collaborative robot, with evaluations typically requiring less
than two minutes.

The inverse design framework incorporates an extensive array of design variables, includ-
ing kinematic parameters and actuator configurations, allowing it to accommodate several
robotic applications. A selection of widely used optimization algorithms from the literature
is implemented to leverage their respective strengths across different design problems. The
tool’s flexibility allows engineers to tailor optimization problems using either global or task-
specific performance criteria, overcoming traditional limitations seen in other frameworks.

To determine the most effective optimization strategies, the study introduces a classification
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scheme for inverse design problems. Six classes are defined, varying in dimensionality, con-
straints, and variable types. A comparative analysis of algorithm performance across these
cases reveals that different algorithms excel in different scenarios. For instance, CMA-ES
generally performs well across all mono-objective problems, finding the best design in 67% of
the studied problems although the Bayesian optimization algorithm finds the best results in
20-30% less function evaluations in low-dimensional problems. In multi-objective contexts,
Bayesian optimization outperforms the others in low-dimensional scenarios, whereas NSGA-
II leads in higher dimensions. A decision tree is introduced with the aim to guide the user
in algorithm selection depending on a problem’s characteristics.

Overall, this research contributes to the field of manipulator optimization by developing a
comprehensive framework that effectively addresses a diverse range of design challenges and
provides a foundation for future academic and industrial applications. The implementation of
the framework as a Python-based tool for KINOVA Robotics signifies a practical advancement
towards streamlining the design process and fostering innovation in robotic manipulator
concepts.
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CHAPTER 1 INTRODUCTION

In a hospital across the world, a surgeon is sitting at a console in a cutting-edge operating
room, performing a life-saving cardiac procedure. Meanwhile, in a quiet home, a man who
lost mobility due to a spinal cord injury reaches for his glass of water and effortlessly eats his
meal. Thousands of kilometers above his head, a drifting satellite is secured and repaired,
preventing it from becoming dangerous space debris. All these situations may seem unrelated,
but they share a common foundation, they are all enabled by the use of robot manipulators,
highly versatile mechatronics systems designed to extend human capabilities in a variety
of applications. The surgeon uses a surgical robot like the Da Vinci Surgical System [1]
or Medtronic Hugo™ RAS system [2] to perform minimally invasive procedures with high
precision, the man with mobility impairment has his wheelchair equipped with an assistive
robot like the JACO arm from Kinova Robotics [3] and the drifting satellite is caught by an
exploration robot arm similar to the Canadarm [4].

These examples are only a snapshot of the vast range of implementations of robotic manip-
ulators. Historically, they were designed to enhance efficiency, precision and repeatability in
industrial settings (assembly, welding, painting, etc.) [5]. In the 21th century, the uses spread
to the medical field, education and research [6], remote exploration [7,8], hazardous material
handling [9], mining [10, 11], and more. The growing reliance on robotic systems reflects in
global trends, with the International Federation of Robotics reporting a 10% increase in the
number of industrial robots deployed in factories worldwide in 2024 [12]. To keep up with the
expanding demands and applications, robotics companies must accelerate the design process
and explore a wider range of innovative solutions.

However, the design of serial robot manipulators to meet performance requirements is a
complex and multidisciplinary challenge that involves balancing multiple conflicting factors,
such as payload capacity, workspace dexterity, energy consumption, precision, cost and safety.
[13]. For companies involved in the design of robotic systems, the ability to efficiently generate
and evaluate robot designs is crucial, particularly when responding to a Request for Proposal
(RFP). An RFP response often involves performing feasibility studies to assess whether the
company’s expertise and resources are sufficient to design a system that meets a client’s
performance expectations while adhering to constraints such as time, budget, and industry
standards.

Traditional design processes often involve iterative manual tuning, experience-based design
choices, and extensive prototyping [13]. They also require the simultaneous contribution



2

of multiple engineers from different disciplines (mechanics, systems, electronics, control...),
making the early design stages particularly inefficient in robotics design [14]. These con-
straints limit the ability to efficiently explore the vast design space of a robot manipulator
and generate a competitive proposal in a short time-frame.

To remain competitive, robotics companies need automated tools that can accelerate the
conceptual design phase to establish the resources needed to meet the objective performance
requirements.

While robotic manipulator design has been widely studied, the current literature for concep-
tual design optimization is often limited to a narrow set of objectives, predefined use cases,
and selective design variables, restricting their adaptability to diverse application needs.
This gap makes it challenging to efficiently assess the feasibility of a manipulator design that
balances performance and constraints for novel applications and industries.

To address this, this project aims to develop a versatile optimization and exploration tool for
the conceptual design of serial robotic manipulators. By integrating a broad set of perfor-
mance metrics and design parameters, this tool aims to enable rapid evaluation and optimiza-
tion of robot configurations for diverse applications, improving early-stage design efficiency.

This thesis details the complete development of the proposed tool. Chapter 2 reviews the
theoretical foundations and existing methodologies. Chapter 3 presents the modeling and
optimization framework and its implementation. Chapter 4 demonstrates its capabilities
through case studies. Finally, Chapter 5 discusses the obtained findings and limitations and
Chapter 6 presents a conclusion and recommendations for future research directions.
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CHAPTER 2 LITERATURE REVIEW AND THEORETICAL
FOUNDATIONS

This chapter aims to present the theoretical foundations essential for the thesis, along with
a review of the current literature on the subject. The first section introduces fundamental
definitions and core concepts in robotics that are crucial to the development of the subsequent
chapters. The second section describes relevant performance indicators to evaluate robot
designs. The third section introduces key concepts in design optimization and critically
reviews the existing literature on the optimization of serial robot manipulators. The fourth
section discusses the limitations of the reviewed literature and the final section presents the
rationale and objectives of the thesis.

2.1 Serial Robotic Manipulators

2.1.1 General Definitions and Scope of the Thesis

The term "robot" has many different definitions according to different sources and fields.
In the context of this thesis, the simple technological definition presented by the ISO8373
norm will be considered, a "programmed actuated mechanism with a degree of autonomy to
perform locomotion, manipulation or positioning" [15].

This definition is very large and groups various types of robots: manipulators, mobile robots,
humanoid robots, soft robots and more. The category of interest for this project is robotic
manipulators, mechanically articulated mechanisms controlled by actuators capable of mov-
ing and positioning an end-effector in a controlled manner.

The end effector of a manipulator is the tool, attached to a link, that interacts with the
external environment. Its form varies based on the robot’s intended function, such as a
gripper for handling objects, a welding torch for fabrication, or a surgical instrument for
medical applications.

More specifically, the focus is set on serial manipulators, often referred to as robotic arms,
composed of a sequence of rigid links connected by joints in an open-chain configuration.
Unlike parallel manipulators, which feature closed-chain architectures that enhance struc-
tural rigidity and precision at the cost of a more complex workspace and control, serial
manipulators offer greater flexibility and reach, making them well-suited for a wide range of
applications.
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Within the category of serial robot manipulators, there are many different types of robots
that are often classified based on their topology, the relative placement of the joints to one
another and the type of the joints (prismatic, revolute, spherical...). While the methodology
presented in this thesis could be extended to other joint types, the focus of the work is limited
to revolute joints. These joints allow a 1-Degree of Freedom (DoF) relative motion between
two adjacent links characterized by a rotation around an axis. Example representations of
serial manipulators composed of revolute joints are illustrated in Figure 2.1.

(a) Schematic illustration of a serial
manipulator. [16]

(b) Example of a 6-DoF serial manipulator.
[17]

Figure 2.1 Schematic representation and example of a serial robot manipulator composed of
revolute joints.

The design of serial robot manipulators follows a structured engineering process that ensures
the system meets functional, performance, and operational requirements. As serial manipu-
lators are complex mechatronic systems integrating mechanical, electrical, and control com-
ponents, their development necessitates a multidisciplinary approach. The design process is
generally divided into several stages, each addressing specific challenges and decisions. The
focus of this thesis is set on the conceptual design phase.

The conceptual design phase is the foundation of the design process, where fundamental
decisions about the manipulator’s structure and capabilities are made. At this stage, engi-
neers explore a wide range of configurations, considering factors such as degrees of freedom,
workspace, kinematic structure, and actuator placement. The goal is to identify a concept
that best satisfies the required task specifications, balancing criteria like payload capacity,
reach and manipulability. Optimization plays a critical role in this phase, as selecting the
right design early on can significantly impact performance and feasibility in later stages. The
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output of this phase is a well-defined design concept that serves as a blueprint for subsequent
development.

After the conceptual design phase, the preliminary design phase refines the selected concept
by defining system architecture, major components, and critical parameters. The detailed
design phase then translates this refined concept into precise manufacturing specifications,
including component dimensions, material selection, and structural analyses. Finally, the
production and prototyping phase brings the design to reality, using prototype testing to
validate assumptions and refine the final product before full-scale production. The stages of
the design process are illustrated in Figure 2.2.

Conceptual 
Design

Preliminary 
Design

Detailed 
Design

Produc�on & 
Prototyping

Figure 2.2 Main stages of the product design process

2.1.2 Introduction to Core Concepts of Robotics

Robotics is a large field with complex concepts and several books have been published to
provide a complete overview of the field and its technical notions [16–18]. The aim of this
section is to review the most important concepts as theoretical foundation for the next
chapters.

Kinematics

A fundamental aspect of robotic manipulators is their ability to move and position their end
effector accurately, which is governed by kinematics, the study of motion without consid-
eration of the effects of involved forces. The core concept of kinematics is the conversion
of the motion of a robot in the joint space (angular rotations of each joint) to a motion in
the cartesian space (position and orientation of the end effector with respect to a reference
frame). The configuration of the robot in the joint space is defined by a n-dimensional vector
q composed of the angular position of each joint. In the cartesian space, the position and
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orientation of the end effector is represented by its pose, a 6-dimensional vector p where the
first three components indicate the position and the last three define the orientation.

The relationship between the joint space and the cartesian space of the robot is separated in
two problems. Forward kinematics have the objective of finding the position and orientation
of the end-effector considering the angular position of each joint. Inversely, inverse kinematics
(IK) aims to find the angular position of each joint for the end-effector to reach a cartesian
pose.

Forward kinematics can be computed using a Homogeneous Transformation Matrix (HTM)
dependent on the angular position of each joint baseTend−effector(q). The transformation
matrix is a 4x4 matrix containing a 3x3 rotation matrix and the translation vector, allowing
for the extraction of the Cartesian pose coordinates with respect to a reference frame. The
representation of orientation depends on the chosen convention, such as Euler angles, fixed
angles, or quaternions. Various kinematic representations exist for modeling these transfor-
mations. The Denavit-Hartenberg (DH) [19] convention provides a compact parameterization
of joint transformations, while the Product of Exponentials [20] method and screw theory
use screw motions and exponentials to describe link interactions. Alternatively, the Elemen-
tary Transform Sequence (ETS) method combines elementary transformations in a sequence,
providing an intuitive way to model kinematic chains [21]. The complete set of end-effector
poses achievable by varying the joint positions defines the robot’s workspace.

Inverse kinematics requires to solve a system of nonlinear equations. Depending on the
pose and the number of joints of the robot, there can be an infinite number of solutions, a
finite set of solutions or no solution at all. For specific manipulator structures, the solution
to the IK problem can be obtained analytically [17]. In general cases, the solution to an
IK problem can be solved using numerical methods [22–25]. The numerical method used
for inverse kinematics in this project is the damped least squares method, also known as
Levenberg-Marquardt (LM) algorithm [26]. It was chosen because of its good performance
with redundant robots (robots with more than six DoF) and its efficiency compared to other
methods [27].

While forward and inverse kinematics describe the relationship between joint positions and
end-effector poses, instantaneous kinematics focus on the relationship between joint velocities
and end-effector velocities, crucial information for motion control and trajectory planning.
The robot Jacobian J, is a 6× n fundamental matrix that relates the velocity in joint space
to the velocity in Cartesian space. It is derived by differentiating the forward kinematics
equations with respect to time (Eq. 2.1).
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ṗ = Jq̇ (2.1)

The first three rows of the Jacobian map the joint velocities to the linear velocity of the end
effector while the bottom three map the joint velocities to its angular velocity. The rank of
the Jacobian is also the main tool used to analyze the singularities of the robot, configurations
where the motion loses a degree of freedom in cartesian space. When the Jacobian loses rank,
the robot is in a singular configuration.

Dynamics

While kinematics describes the motion of a robotic manipulator in terms of position, veloc-
ity, and acceleration without considering the forces that generate it, dynamics focuses on
the relationship between forces, torques, and motion. A comprehensive understanding of a
robot’s behavior requires dynamic modeling, which is fundamental for control, simulation,
and trajectory optimization.

The rigid-body dynamics of an n-DoF serial manipulator are typically described by the
following equation of motion in joint space:

M(q)q̈ + C(q, q̇)q̇ + G(q) = τ (2.2)

Where M(q) is the inertia matrix (or mass matrix) representing the resistance of the robot
to acceleration in a configuration q. C(q, q̇) is the Coriolis and centrifugal matrix which
accounts for forces due to joint velocities. G(q) is the gravity vector, which accounts for the
torques induced at each joint due to the weight of the manipulator’s links under gravity. τ

is the joint torque vector, representing the torques applied by the actuators.

The main concept of dynamics used in this thesis is inverse dynamics, which is used to
compute the joint forces and torques required to generate a given motion. This is particularly
useful for determining the torques necessary to execute a trajectory or maintain a static
configuration. The inverse dynamics problem is solved using the recursive Newton-Euler
(RNE) algorithm [28], which provides a computationally efficient approach for evaluating
joint torques.
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2.2 Direct Design and Performance Indicators

The use of computer software and algorithms to automate the creation, modification, anal-
ysis, or optimization of designs is often referred to as design automation. Automated design
is commonly categorized into two approaches: direct design and inverse design (Fig. 2.3).
Direct design follows a traditional forward process where engineers specify design parameters
(e.g., dimensions, materials, actuator choices) based on heuristics, experience, or iterative
simulations. The resulting system is then evaluated for performance, and adjustments in
the design parameters are made as needed. Inverse design, on the other hand, takes a goal-
oriented approach. Instead of specifying design parameters directly, desired performance
criteria or constraints (e.g., payload capacity, workspace volume, maximum end-effector de-
flection) are defined first. Optimization algorithms then search for the best set of design
parameters that achieve these objectives. If the resulting design does not satisfy expecta-
tions, the optimization problem can be adjusted.

Figure 2.3 Illustration of the direct and inverse design processes with respective inputs and
outputs.

The direct design of a robot can be distilled into a simple question : How good is a robot? [29].
While seemingly simple, the answer depends on the chosen performance indicators, which
vary significantly based on the evaluation criteria. In robot data-sheets [30–33], industrial
robotics companies tend to favor global, easy-to-interpret indicators such as payload capacity
or reach, whereas researchers have developed a broad range of metrics tailored to specific tasks
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and objectives. Although comprehensive indicators for the evaluation of mechatronic systems
have been developed [34], this section focuses specifically on performance metrics tailored to
the design and analysis of serial robot manipulators.

Several surveys have been conducted to compile existing performance indicators. The most
recent review [29] highlights widely used metrics, while earlier surveys provide more compre-
hensive collections [35, 36]. For this master’s thesis, only the most commonly used perfor-
mance indicators for serial robot manipulator design in industry will be considered.

Recent surveys [29,36] agree on a common classification of performance metrics, distinguish-
ing between local and global indicators, as well as kinematic and dynamic metrics. Local
metrics depend on the robot’s configuration, while global metrics evaluate performance across
the entire workspace. Kinematic metrics assess motion-related properties such as reachabil-
ity, manipulability, and dexterity, which are independent of forces and torques. In contrast,
dynamic metrics incorporate the effects of mass, inertia, and applied forces, providing a more
comprehensive evaluation of a robot’s physical capabilities. Both types of metrics are crucial
for assessing the efficiency, precision, and versatility of a manipulator, guiding both design
decisions and performance comparisons. The following sections present an overview of the
most commonly used indicators in both research and industrial applications.

2.2.1 Kinematic Metrics

Kinematic metrics constitute a large portion of the performance indicators studied in the
literature [29, 35, 36], they describe the geometric and motion capabilities of a robot, inde-
pendently of inertia and forces.

Workspace Metrics

Significant research has been devoted to analyzing the workspace of robotic manipulators.
The reachable workspace of a robot is typically defined as the set of points that can be reached
with at least one valid orientation [37]. While geometric and analytical approaches have been
proposed to define the boundaries of a robot’s reachable workspace [38], the most commonly
used methods are based on sampling techniques [39, 40]. These methods sample the robot’s
joint space and discretize the Cartesian space into a grid of voxels. Forward kinematics
is then applied to map sampled joint configurations to voxels. Finally, the volume of the
reachable workspace is estimated as the sum of the volumes of all reachable voxels. Although
sampling-based methods are efficient for the mapping and volume estimation of the reachable
workspace, they suffer from a few limitations. Their precision depends on the granularity
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of the discretization, and they are inherently stochastic, as the results are influenced by the
random samples selected from the joint space [38].

The reachable workspace volume is highly dependent on the physical size of the robot, making
it less relevant as a standalone measure of design efficiency. To address this, the Structural
Length Index (SLI), a dimensionless indicator was developed to characterize the efficiency
of the design with respect to the workspace volume [41]. It is defined as the ratio of the
total link length of the manipulator to the cube root of its reachable workspace volume (Eq.
2.3). This index tends to be smaller for robots that have shorter link lengths relative to their
reachable workspace volume, indicating a more efficient use of space in the robot’s design.

SLI =
∑n

i=1 li
3
√

V
(2.3)

Where li is the length of the i-th link and V is the volume of the reachable workspace of the
manipulator.

Although the previously discussed indicators are global, reachability is often a key factor in
task-specific robot design, where the robot is intended to operate within a specific workspace
or follow a predefined path. In these cases, the task is represented by a set of target positions
or poses, and the goal is to quantify how well the robot can reach these positions.

Reachability refers to the existence of a robot configuration q that allows the end effector to
attain the target pose. A common approach to determining whether a pose is attained is to
check if the error between the target pose and the compared pose is within a specified toler-
ance. The error can directly serve as the reachability metric, with a smaller error indicating
better reachability. Often, this metric is simplified to a binary indicator that outputs 1 if the
error is within tolerance and 0 otherwise [42].

The configuration of the robot that corresponds to the minimum error is a result of inverse
kinematics. The standard approach consists in running an IK algorithm for each target pose
to obtain the configuration that minimizes the error [43–46]. Alternatively, some optimization
studies treat the joint configurations required to reach each pose as design variables, simul-
taneously optimizing both the geometric variables and the joint configurations [11,14,47].

Earlier approaches used analytical methods for inverse kinematics, which resulted in config-
urations with imaginary components for unreachable poses [40]. In these cases, reachability
was determined based on the magnitude of the imaginary component: a zero imaginary part
indicated that the pose was reachable, while a nonzero magnitude represented the degree
to which the robot was unable to reach the pose. Some studies further extend the defini-
tion of reachability by adopting a task-specific binary definition based on path planning,
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where a pose is considered reachable if a collision-free path can be planned from a reference
configuration to the pose [48–50].

The reachability indicator R for a task is commonly expressed as the ratio of reachable poses
Nreachable to the total number of poses N [51–53], where a value of 1 indicates that all poses
are reachable (Eq. 2.4).

R = Nreachable

N
(2.4)

While reachable workspace volume and the reachability indicator are good indicators to
describe the workspace, they lack information on the orientations with which the robot can
reach each point within the workspace. To address this, additional indicators have been
developed to describe the robot’s dexterity, which refers to its ability to reach a given point
with multiple orientations.

Different methods can be used to determine the orientations that can be achieved at a
given point. The orientation space can be discretized evenly according to roll, pitch and yaw
angles [54] or using uniformly spaced out points on an orientation sphere with a discretization
around the third axis [55]. Inverse kinematics is then applied to each orientation to verify if
it can be achieved. Leibrandt et al. [56] proposed a sample based method where the cartesian
space is discretized into equal-sized 6D voxels and reachability of a each pose is evaluated
by sampling the joint space. For all these different methods, the dexterity index is the ratio
of achievable orientations over total tested orientations for a specified 3D point. This index
allows the mapping of dexterity over the workspace (Fig. 2.4). It is a local indicator but
can be used to assess the volume of the dexterous workspace, subregion of the reachable
workspace composed of points where all orientations are achievable.
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Figure 2.4 Mapping of the dexterity index over the workspace of a KUKA LBR iiwa 7
robot [31], with warmer colors representing a higher proportion of reachable orientations. [56]

Manipulability Metrics

Although the previous metrics offer valuable insights into a robot’s workspace, they do not
provide information regarding the singularities within that workspace. As discussed earlier,
singularities occur when the Jacobian matrix of a robot loses rank. Manipulability metrics
aim to assess a robot’s ability, in a given configuration, to move and apply forces in vari-
ous directions. Yoshikawa [57] introduced the manipulability index µ (Eq. 2.5), which is
considered an effective measure of the robot’s speed and force capabilities in all directions.
However, this index has limitations, including its lack of boundedness and its dependence on
units, joint types, and the number of DoF of the manipulator.

µ =
√

det (JJT) (2.5)

Kim and Khosla [58] addressed the scale and order dependencies by modifying the order of
the root and normalizing the index with a function of the square of the manipulator’s length,
denoted as fm proposing a new index Mr (Eq. 2.6).

Mr =
m

√
det (JJT)

fm

(2.6)

Building upon manipulability metrics, the conditioning number k is another important mea-
sure that provides insights into the robot’s kinematic performance. Defined as the ratio



13

of the largest singular value σmax to the smallest singular value σmin of the Jacobian (Eq.
2.7), it indicates how errors in the joint space are amplified in the Cartesian space. This
metric is an indicator of the kinematic isotropy of the Jacobian, providing a complementary
perspective on the robot’s ability to move efficiently along the major and minor axes of the
manipulability ellipsoid.

k = σmax

σmin

(2.7)

This index is often preferred in the literature because it conveniently ranges from one to
infinity and is a better measure of the degree of ill-conditioning of the manipulator [29]. Nev-
ertheless, it still suffers from some of the limits of the manipulability index, scale dependency
and non-homogeneity of the Jacobian.

Although these two indicators are local metrics, evaluating their average value over the
joint-space Q provides a good indicator of a robot’s manipulability over its workspace.
The global manipulability index (GMI) (eq. 2.8) [36] and the Global Conditioning Index
(GCI) (eq. 2.9) [59] were developed to provide global indicators.

GMI =
∫

Q µ dQ∫
Q dQ

(2.8)

GCI =
∫

Q
1
k

dQ∫
Q dQ

(2.9)

In the literature, the GCI is usually preferred due to its boundedness between 0 and 1 and
the fact that it is independent from the number of DoF of the robot.

While kinematic performance metrics have been extensively studied in the literature, com-
mercial data-sheets [30–33] typically emphasize three main indicators to characterize a robot’s
kinematic capabilities:

• Joint ranges [deg]: The lower and upper limits of each joint in the kinematic chain,
defining the robot’s motion capabilities.

• Workspace diagrams : Visual representations of the robot’s reachable workspace. (Fig.
2.5)

• Reach [m] : Maximum distance the end-effector can extend in a specified direction.

Among these indicators, reach stands out as a scalar quantity, facilitating direct compari-
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son between different robotic systems. In contrast, joint ranges and workspace diagrams,
although highly informative, are less amenable to direct use in optimization processes.

(a) Workspace diagram of the Kinova Gen3
collaborative robot. [30]
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(b) Workspace diagram of the ABB IRB1300
industrial robot. [33]

Figure 2.5 Workspace diagrams illustrating the reachability of a collaborative robot (Kinova
GEN3) and an industrial robot (ABB IRB1300).

2.2.2 Dynamic Metrics

While kinematic metrics provide essential insights into the capabilities of a robot with respect
to its workspace and singularities, understanding a robot’s dynamic performance is equally
crucial for evaluating its effectiveness in real-world applications. Dynamic metrics aim to
assess the robot’s performance considering its mass properties and sometimes consider the
limits of its actuators.

The total mass of the robot is a key dynamic indicator, specifically important for collaborative
or assistive robots where mass should be minimized. It is often compared with the payload
capacity, maximum load the robot can hold at its end effector over the workspace, to measure
a payload-to-weight ratio.

Other dynamic metrics are often specific to a path or a trajectory. The performance of a
robot on a trajectory can be measured with the cumulative sum of torques produced at each
actuator to complete the trajectory, the total energy consumption, or even the minimum cycle
time to complete a task. These metrics are used in the manipulator optimization literature
(see Section 2.3) to optimize the dynamic performance of robots.

Although less common than kinematic metrics, multiple dynamic indicators have been de-
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veloped in the literature. Dynamic manipulability [60] measures the capacity of a robot
manipulator to generate accelerations in all directions for a selected configuration. The dy-
namic conditioning index [61] defines the distance of the robot’s general inertia matrix from
dynamic isotropy, it is developed with the aim to facilitate control and simulation of a robot
arm.

In commercial data-sheets, the most common dynamic metrics aim to be independent of a
specific task:

• Total mass [kg]

• Payload capacity [kg]

• Maximum joint speed [rad/s]

• Maximum end effector cartesian speed [m/s]

• Average power consumption [W]

These metrics offer a general overview of a robot’s dynamic characteristics but provide limited
insight into performance for specific tasks.

2.2.3 Other Metrics

Several additional indicators are used to assess the performance of a robot manipulator.
Standardized norms, such as ISO 9283 [62], are commonly used to evaluate the repeatability
and precision of a robot over predefined trajectories. These results are critical for determining
the suitability of the manipulator for specific tasks. For instance, surgical robots and precision
assembly manipulators must demonstrate exceptional precision and repeatability to ensure
consistent and reliable performance.

Another important metric is the robot’s range of working temperatures, which indicates
its suitability for various operational environments. This metric is particularly relevant for
robots deployed in extreme conditions, such as space exploration or industrial settings with
temperature fluctuations.

Stiffness-related metrics also play a significant role in robot performance analysis. While
robot stiffness depends on both link stiffness and joint stiffness, the latter is typically the
dominant contributor to compliance [63]. As a result, link stiffness is often neglected in
stiffness evaluations, leading to the derivation of a diagonal stiffness matrix Kθ that captures
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the torsional stiffness of each joint. The joint angle deflection ∆θ due to joint torques τ is
expressed as:

Kθ∆θ = τ (2.10)

Using this joint-space stiffness matrix, various indicators can be derived to assess maximum
deflection [64] or Cartesian stiffness [65]. Additionally, a linearized dynamic model can be
obtained at a given joint configuration using the stiffness matrix and the inertia matrix of
the robot M, as shown in the following equation (Eq. 2.11):

M∆θ̈ + Kθ∆θ = τ (2.11)

This represents a typical free vibration equation, where ∆θ denotes the displacement from
equilibrium. The natural frequencies of the robot can then be determined by solving the
generalized eigenvalue problem:

(Kθ − ω2M)Φ = 0 (2.12)

Here, ω represents the natural frequency, and Φ denotes the corresponding mode shape.
The minimum natural frequency is a critical performance indicator, as it defines the range
of frequencies that may arise during operation. Ensuring that the manipulator’s natural
frequencies do not coincide with excitation frequencies in the working environment is essen-
tial to avoid resonance, which could lead to undesirable vibrations and reduce the robot’s
performance.

Table 2.1 provides an overview of the presented metrics, specifying whether they are local or
global or task-dependent and the physics considered.
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Table 2.1 Summary of commonly used manipulator performance metrics in scientific literature
and commercial data-sheets.

Metric Unit Global
Local/ Task Physics

Workspace Volume m3 global kinematics

SLI - global kinematics

Reachability Indicator or m
% global x kinematics

Workspace Volume
Dexterous m3 global kinematics

Manipulability Index - local kinematics

Conditioning Number - local kinematics

GMI - global kinematics

GCI - global kinematics

Reach m global kinematics

Mass kg global dynamics

Sum of Torques Nm global x dynamics

Energy Consumption J global x dynamics

Min. Cycle Time s global x dynamics

Payload Capacity kg global dynamics

Cartesian Speed
Maximum End-Effector m/s global x dynamics

Power Consumption
Average W global x dynamics

Natural Frequency Hz local dynamics

Repeatability mm global x control

Temperature Range
Working degrees global thermodynamics

Deflection mm local structural mechanics

Stiffness or N/m
Nm/rad local structural mechanics
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2.3 Inverse Design and Optimization

Having reviewed the broad spectrum of metrics used to characterize robotic systems, this
section now focuses on the inverse design of robot manipulators, a subject that lies at the core
of this thesis. In this section, the state-of-the-art optimization methodologies that have been
proposed in the literature are critically examined. These studies address global and task-
specific criteria, ranging from kinematic and dynamic performance to optimal drive-train
selection.

The literature on robot optimization is vast and diverse. Over the years, researchers have
studied the optimization of robotic manipulators for numerous tasks and applications, con-
structing a variety of optimization problems. The following review will be structured by
studying the formulation problems and optimization structures used in the literature.

The general structure of an optimization problem consists of four key components. The first
is the objective function f(x), which is to be either minimized or maximized. Optimization
problems may also include constraints, in which case the objective function is optimized
while ensuring the feasibility of all equality constraints, h(x), and inequality constraints,
g(x). A design parameter (DP) of the robot that can be varied and optimized during the
process is referred to as a design variable (DV). Design variables are grouped within a
vector x that belongs to a domain X , representing the allowable bounds for each variable.
Finally, optimization problems can be approached using various optimization structures and
algorithms, depending on the problem formulation and computational requirements. The
general form of an optimization problem is presented in Equation 2.13.

min
x

f(x)

subject to gi(x) ≤ 0, i = 1, . . . , m,

hj(x) = 0, j = 1, . . . , p,

x ∈ X .

(2.13)

The following sections review the literature by first examining kinematic optimization, fol-
lowed by dynamic optimization, and then approaches that integrate both kinematic and
dynamic considerations. Next, studies incorporating structural optimization are discussed,
before transitioning to an analysis of optimization structures and the algorithms used to solve
these problems.
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2.3.1 Kinematic Optimization

In the literature, kinematic optimization was one of the first extensively studied type of
optimization for robotics [40, 59, 66], focusing on refining a robot’s geometry to enhance
reachability, dexterity, or manipulability, without accounting for inertia and dynamic effects.

In the design of robotic manipulators for specific applications, reachability is a fundamental
performance criterion. As a result, optimizing reachability was among the earliest challenges
addressed in robotic design optimization [40], with initial studies focusing on determining the
optimal link dimensions to access a predefined set of target points. Early research primarily
considered two-dimensional task spaces, but later studies expanded this approach to encom-
pass three-dimensional task poses [43]. This class of optimization problems is applicable to
a wide range of domains, including assistive robots [42], humanoid robots [50] or industrial
robots [11,67], maximizing the reachability of application specific task spaces (Fig. 2.6a and
Fig. 2.6b) or poses (Fig. 2.6c).

The design variables used to optimize reachability vary, ranging from individual link lengths
to the complete set of DH parameters and joint types. Kawaharazuka et al. [46] consider
all of these factors, investigating the trade-offs between design complexity and the ability to
reach a given set of poses. The optimal solutions converge towards both existing and novel
joint configurations, demonstrating the effectiveness of inverse design methods for exploring
innovative concepts.

(a) Objective task space for an
assistive robot. [42]

(b) Objective task space for a
humanoid robot. [50]

(c) Pick-and-place task poses
for an industrial robot. [67]

Figure 2.6 Representations of volumes (a-b) and poses (c) used as objective task spaces for
different assistive, humanoid and industrial robot applications.

A key limitation of reachability, as previously defined, is that it only guarantees the existence
of a robot configuration capable of reaching the task without accounting for whether a feasible
path exists to achieve it. To address this, several studies redefine reachability by considering
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the existence of a collision-free path between a reference configuration and the configuration
required to perform the task. Optimization approaches tackling this challenge typically fall
into two categories: those that incorporate path planning as a subproblem at each step
of the optimization process [67] and those that directly treat sets of joint angles as design
variables [48, 68]. Zhu et al. [50] extend this perspective for humanoid robots by identifying
optimal link lengths for a human-like reachable workspace, using a quadratic programming
controller to generate collision-free paths toward each task point.

Although such optimization techniques yield robotic manipulators tailored for specific tasks,
some robotic systems are designed without a predefined application. In these cases, the opti-
mization objective may instead focus on maximizing the volume of the reachable workspace
by adjusting link lengths [41,69] or by optimizing the complete set of DH parameters [70,71]
within given ranges. With the same aim, Galan-Uribe et al. [72] optimize the SLI to ensure an
efficient workspace-volume-to-robot-size ratio. Although these optimization problems result
in robots with a larger workspace, information on the orientation of the end effector across the
workspace is omitted. Studies have proposed to maximize the dexterous workspace volume
instead in order to obtain a robot able to reach a large volume with any orientation [56,73].

While optimizing for reachability ensures that the manipulator can access designated task
points, it does not account for the robot’s ability to perform agile movements at those points.
Specifically, a critical question arises: can the robot move efficiently in all required directions
from a given pose? Additionally, how effectively can it transform joint torques and velocities
into forces and velocities at the end effector? To address these concerns, researchers have
explored the optimization of manipulability throughout the entire workspace, utilizing metrics
such as the GCI [41,66,72], as well as the optimization of manipulability for specific tasks [74]
by varying link lengths or modular components [75].

Given the complementary nature of these optimization criteria, several studies have sought
to integrate them into a more general kinematic optimization problem.

One common approach is to optimize manipulability while enforcing reachability constraints
for a given task [76]. Alternatively, both criteria can be incorporated into a single aggre-
gated objective function [77]. Chocron [78] further extends this methodology by considering
additional design objectives, such as minimizing the manipulator’s size and maximizing the
distance to an obstacle, within the aggregated function. Franceschi et al. [79] consider the
problem from another angle, instead of optimizing the robot’s structure, the placement of
the task within the workspace is optimized with respect to collision free path existence and
manipulability.

In a broader context, global workspace optimization has been performed by simultaneously
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maximizing workspace volume and global manipulability indices. Several studies have used
multi-objective optimization techniques to optimize workspace-related metrics, incorporating
indicators such as the SLI and the GCI to balance reachability and manipulability [80–82].
Similarly, Cursi et al. [83] propose to optimize the global kinematic design by maximizing
the volume of the manipulable workspace, a subregion of the reachable workspace defined by
a manipulability index threshold.

2.3.2 Dynamic Optimization

Rather than prioritizing kinematic performance, several studies have focused on optimizing
the dynamic behavior of manipulators. These studies can be broadly classified into two main
approaches: those that seek to enhance the robot’s performance for a specific task and those
that aim to improve task-independent robot characteristics while ensuring the feasibility of
a given task.

Quantifying the performance of a manipulator over a task can take different forms. Minimiz-
ing the actuating torques necessary to achieve a trajectory is a common approach. In this
aim, some studies vary the mass repartition of the links [84–86]. Toussaint et al. [87] consider
the impact of link deformation modifying the length and orientation of links to minimize the
torques over a trajectory. Similarly, Fadini et al. [88] attempted to minimize the energy
consumed to perform a selection of tasks. Another approach is to attempt to minimize the
time it takes for the manipulator to perform a task. This criteria is often combined with
minimizing torques [89], minimizing energy consumption in actuators [90] or both [91] in
order to find a good compromise between speed and energy efficiency.

The parallel approach consists in considering task feasibility as a constraint and optimizing
other manipulator performance criteria. This type of optimization often includes the joint
actuators as design variables, as the feasibility of a reachable task is usually limited by the
performance of the actuators. A possible process is to minimize the mass of the drive train
by selecting the lightest motors, gearboxes [92] or assembled drive trains [93] capable of
producing the necessary torques and speeds to complete the task. When selecting drive train
components from a catalog, the cost of each item is usually specified and the total cost can
therefore be minimized [94, 95]. Some authors have also proposed to model the relationship
between mass, available torque, inertia and other dynamic properties of actuators to find the
optimal actuator to perform a task [96, 97]. This approach can lead to superior results but
is often avoided because of the necessity to design custom actuators.

The dynamic optimization problem can also be formulated to simultaneously optimize the
task performance and the manipulator, minimizing cycle time and cost [98], cycle time and
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mass [99], energy consumption and mass [100], or minimizing cycle time and maximizing
natural frequency [101].

2.3.3 Kinematic and Dynamic Optimization

The performance of a robotic manipulator cannot be fully characterized by considering only
kinematic or only dynamic factors. For instance, a robot optimized for reachability and
manipulability over a given task may still fail to execute it if its actuators cannot generate the
required torques due to the absence of dynamic considerations. Conversely, a manipulator
optimized solely for minimal mass, leading to shorter link lengths, may achieve efficient
dynamic performance but suffer from reduced manipulability [102], making it highly sensitive
to perturbations.

To address these limitations, optimization problems are often structured to incorporate both
kinematic and dynamic considerations. For example, Sanjuan de Caro et al. [44] simulta-
neously optimize the reachability of an assistive robot’s workspace and the static torques
required to maintain equilibrium in every configuration.

Another optimization problem is minimizing the mass of a manipulator while ensuring tra-
jectory feasibility. It can be approached as a purely dynamic optimization problem if the
actuators are considered as the only design variables. However, further mass reduction can be
achieved by shortening link lengths but it requires an additional constraint: the manipulator
must still be capable of reaching all required task points [103]. Zhu et al. [49] extend this
idea by incorporating both mass and manipulability optimization to determine optimal ac-
tuator selection and link lengths for a humanoid arm designed for driving. Their formulation
results in a lightweight arm capable of executing trajectories with high manipulability and
low joint torques. Likewise, Hoffman et al. [14] optimize actuator selection and link lengths
to maximize reachability and manipulability while minimizing the static torques required to
access all points within a specified workspace.

As previously discussed, some robots are designed to perform optimally across their entire
workspace, with the GCI and SLI serving as key indicators of kinematic performance. Hwang
et al. [104] and Li et al. [105] integrate these metrics with an evaluation of the dynamic condi-
tioning number along a predefined path, leading to designs that achieve both high kinematic
and dynamic performance. Alternatively, Zhou et al. [106] adopt a different strategy by
minimizing the manipulator’s mass, selecting optimal actuators and link lengths to ensure
trajectory feasibility while imposing the GCI as a constraint. A challenge with this approach
lies in determining an appropriate constraint value, as the GCI can be difficult to interpret.
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2.3.4 Structural Optimization

While kinematic and dynamic optimization enhance motion performance, actuator efficiency,
and task feasibility, these factors alone do not guarantee a well-performing robot. Structural
properties such as deflection, stiffness, and strength are equally important in ensuring relia-
bility, precision, and durability. A robot optimized for kinematic and dynamic performance
may struggle with control if its links and actuators lack sufficient stiffness to prevent exces-
sive end-effector deflection. Similarly, minimizing mass by selecting lightweight actuators and
shorter links can be beneficial, but overly short links may compromise the robot’s ability to
reach its intended tasks. In such cases, adjusting the structural properties of the links could
provide a solution, but this must be done while considering material strength and deflection
constraints. For these reasons, many studies have integrated structural optimization into the
design process, aiming to improve mechanical robustness while preserving optimal kinematic
performance, dynamic performance or both.

In manipulator optimization literature, structural considerations are typically included as
constraints, such as limits on end-effector deflection or maximum allowable stress [53, 107–
109], or as objectives, such as minimizing deflection [110–113] or maximizing stiffness [64,65].
As previously discussed, structural performance is primarily influenced by link stiffness and
joint stiffness. Link stiffness depends on material properties and geometry, with design
variables including cross-sectional parameters for complex geometries [108, 110, 114] or link
length, shell thickness, and diameter for cylindrical approximations [53, 107, 109, 112, 113].
Joint stiffness is often the dominating factor for the overall stiffness of a manipulator, par-
ticularly when using harmonic drives due to their inherent flexibility. Consequently, some
studies have limited the stiffness modeling to the torsional rigidity of each actuator [64, 65].
Du et al. [115] integrate both link and joint stiffness in an optimization problem that maxi-
mizes the mass-to-payload ratio and natural frequency.

Although structural optimization can be considered independently [111], it is often integrated
with kinematic and dynamic considerations to achieve a well-balanced design. Several studies
use global optimization to jointly improve manipulability and stiffness [65], maximize natural
frequency while minimizing deflection [112], or minimize mass while imposing constraints on
manipulability, stress, and deflection [109]. In task-specific designs, optimization frameworks
have been developed to minimize actuator torques while enforcing deflection constraints
[108,114] or maximize stiffness while satisfying manipulability requirements [64].
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Figure 2.7 Example of structural design variables for manipulator mass minimization with
deflection constraints. [109]

2.3.5 Optimization Structure

While kinematic, dynamic, and structural considerations define the objectives of robot de-
sign optimization, the way these objectives are formulated and solved significantly impacts
the final outcome. Different optimization structures offer distinct approaches to balancing
competing design criteria. The following section explores the most common methodologies,
highlighting their advantages, limitations, and applications in the optimization of robotic
manipulators.

One of the key considerations when constructing the manipulator optimization problem is
whether to consider the various performance criteria as objective functions or constraints.
Indeed, performance criteria often compete with each other and a choice has to be made for
which ones to pose as constraints with appropriate thresholds and which one to optimize
to reach a maximum or minimum. Constructing a simple unconstrained problem has been
studied [71, 73], but the most complete manipulator optimization problems include multiple
constraints and sometimes multiples objectives.

A common approach is to identify a single criteria to use as an objective function and con-
strain the problem with the other criteria. For example, Zhou et al. [109] choose to minimize
the mass as the objective and consider constraints on the minimum GCI, maximum stress
and maximum deflection as well as drive train torque and speed limits.
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Multi-Objective Optimization

In certain cases, design optimization requires selecting multiple objective functions simulta-
neously. To address this challenge, two main approaches are commonly used: aggregated
functions and multi-objective optimization. Aggregated functions simplify the problem by
combining multiple objectives into a single function, typically using weighted sums (Eq. 2.14)
or other scalarization methods. This approach allows traditional optimization techniques to
be applied but requires careful selection of weights to properly balance competing objectives.
Hoffman et al. [14] use the weighted sum of reachability error, trajectory torques and ma-
nipulability to derive an unconstrained optimization problem. This method allows the use of
optimization algorithms that deal poorly or cannot deal at all with constraints. Xu et al. [65]
use a different form of aggregated function, a quotient of manipulability and stiffness indexes
to create a novel global performance index to optimize an anthropomorphic manipulator.
This approach can be used to optimize a great number of functions simultaneously, Chocron
and Bidaud [78] use a a weighted sum within an exponential function to optimize reachability,
maximum reach, obstacle proximity and manipulability and minimize the number of mod-
ular components for a modular robot. However, a key challenge with this approach is that
different functions may have vastly different scales and behaviors, making weight selection
highly sensitive and difficult to anticipate.

min
x

faggregated(x) = ω1f1(x) + ω2f2(x) + ω3f3(x)

s.t. x ∈ X
(2.14)

Where faggregated is the aggregated function combining functions fi with respective weights
ωi.

Another aggregation technique is the minimax method, which focuses on minimizing the
worst-performing objective within a set of functions f (Eq. 2.15). Castejón et al. [110] use
this technique to optimize scaled functions for maximum reach, workspace volume, mass,
stiffness and safety to design a service robot.

min
x

fminimax(x) = max(f(x))

s.t. x ∈ X

where f =
[
f1(x) f2(x) f3(x)

]T

(2.15)

Alternatively, Multi-Objective Optimization (MOO) techniques aim to find a set of non-
dominated designs known as the Pareto front, where improving one objective cannot be
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achieved without degrading another (Eq. 2.16). The resulting set of optimal solutions allows
engineers to visualize the trade-offs between different performance criteria and select the de-
sign that provides the better compromise. MOO has been used to explore trade-offs between
reachability and static torques [45] , mass and deflections [113], and mass and workspace
volume [53]. The results of such studies not only improve on the original design but also
provide a selection of candidate designs with different levels of trade-off between the objective
functions.

min
x

f(x)

s.t. x ∈ X

where f =
[
f1(x) f2(x) f3(x)

]T

(2.16)

Handling Discrete Variables

Another complexity when constructing an optimization problem can arise when dealing with
discrete variables. The most common discrete variable used in robot manipulator optimiza-
tion is actuator selection. Although some studies choose to develop continuous actuator
models [88,90,96], the resulting designs are often unrealistic as they require designing custom
motors and gearboxes. Most robotic companies design their actuators by selecting compo-
nents from specialized motor and gearbox catalogs. Therefore, optimization problems that
deal with discrete variables are often preferred. The most common approach is to conserve
the classic structure of an optimization problem (Eq. 2.13), including the discrete design
variables and use an algorithm that can simultaneously optimize discrete and continuous
variables. This category of optimization is referred to as mixed-integer programming. Gulec
and Ertugrul [113] combine MOO and mixed-integer programming to optimize the link thick-
nesses and motor and gearbox selection, identifying the trade-offs between mass and stiffness.
From the resulting Pareto-front, the authors identify a set of shell thicknesses, motors and
gearboxes for a lightweight design (3.4 kg) while limiting the end effector deflection to a
reasonable value (1.1 mm).

Alternatively, discrete and continuous variables can be dealt with separately. Either by se-
quentially optimizing variables like link lengths then optimizing actuator selection [49] or
by using a bi-level optimization structure. Bi-level optimization methods provide a struc-
tured approach for handling mixed-integer programming problems by separating discrete and
continuous variables into distinct hierarchical levels. In such schemes, the upper-level prob-
lem typically involves discrete decisions, such as actuator selection or joint configurations,
while the lower-level problem optimizes continuous variables, like link lengths or structural



27

parameters. This hierarchical structure allows for efficient decomposition of complex opti-
mization problems, facilitating the handling of both types of variables. Hoffman et al. [14]
use a bi-level structure to optimize actuator selection in the outer loop and link lengths and
base placement in the inner loop, profiting from the optimization scheme to use an efficient
algorithm for each type of variable.

Computational Efficiency

Due to the complexity and size of the design space, optimization algorithms often require the
evaluation of functions across numerous combinations of design variable values. While this
may not be problematic for inexpensive functions, certain performance criteria used to assess
robot designs can be computationally expensive. To address this challenge, some studies
use surrogate models, which replicate the behavior of the original functions but are more
computationally efficient. For instance, Tian et al. [116] utilize a Kriging surrogate model
to approximate the workspace volume and dexterous workspace volume functions. Similarly,
Lim et al. [81] approximate the GCI and SLI with Kriging, achieving an error of less than
1%. In optimization problems that rely on external software, such as computer-aided design
(CAD) or finite element analysis (FEA) tools to evaluate structural criteria, surrogate models
can significantly reduce computation time [98].

For certain functions, computational efficiency can be further improved by implementing
variable-accuracy models. Functions such as workspace volume evaluation, or any local indi-
cator integrated over the workspace, generally exhibit increasing accuracy with the number
of samples. However, achieving high precision can be computationally expensive. To mit-
igate this, Baykal et al. [48] propose varying the accuracy of the surrogate models during
the optimization process, starting with lower accuracy functions for efficient exploration and
progressively increasing the accuracy as the optimization converges.

2.3.6 Optimization Algorithms

Given the complexities of serial manipulator conceptual design and the challenges associated
with evaluating performance criteria, various optimization algorithms have been used in the
literature to navigate the design space effectively. These algorithms are crucial for identifying
optimal configurations while considering a range of design constraints and objectives. This
subsection provides an overview of commonly used algorithms in the literature.

Some studies have considered the exhaustive search of the design space, by discretizing con-
tinuous variables and storing the best result [93, 97]. Although some filtration techniques
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allows to efficiently discard unfeasible designs [117], these techniques are usually not pre-
ferred as they require large computation power and are inefficient. Consequently, studies
related to inverse conceptual design of manipulators use optimization algorithms to increase
time-efficiency and reduce the necessary computation power. For the purpose of this review,
optimization algorithms will be categorized into two main groups: gradient-based algorithms
and gradient-free algorithms. Due to the wide variety of gradient-free algorithms, they will be
further subdivided into evolutionary algorithms, swarm intelligence algorithms, direct search
algorithms, and multi-objective optimization algorithms.

Gradient-Based Algorithms

Gradient-based algorithms leverage gradient information to efficiently explore the design
space. They are well-suited for high-dimensional problems and particularly effective for
optimizing smooth functions. Their fast convergence makes them ideal for convex and uni-
modal optimization; however, they are prone to getting trapped in local optima when applied
to highly multi-modal functions and struggle with discontinuous objective functions. Despite
these limitations, a few studies have used gradient-based approaches. Xu et al. [65] used the
LM algorithm to optimize the link lengths of an anthropomorphic manipulator for improved
manipulability and stiffness. Similarly, Kivelä et al. [11] applied the same algorithm to a
high-dimensional optimization problem, incorporating a multi-start strategy to mitigate local
optima. Their results revealed significant variations in the optimal variables, highlighting
the challenges gradient-based methods face in multi-modal landscapes. Other studies have
explored Sequential Quadratic Programming (SQP) for robotic design optimization [80,110].
Bergamaschi et al. [70] compared SQP with evolutionary algorithms for workspace volume
maximization, finding that while SQP converges more rapidly, evolutionary methods are
better at escaping local minima, often yielding superior solutions.

Evolutionary Algorithms

Evolutionary algorithms (EAs) are inspired by biological evolution, using mechanisms such as
selection, mutation, and crossover to iteratively refine candidate solutions. These algorithms
are particularly effective for optimizing complex, multi-modal, and discontinuous functions
where gradient-based methods struggle. Genetic Algorithms (GA) were among the first
methods applied to robotic design optimization [47, 114, 118] and continue to be used in
modern approaches [53,67,101]. Some studies have explored Differential Evolution (DE) as an
alternative to a GA, leveraging adaptive mutation strategies to achieve improved optimization
performance in certain applications [70, 119]. More recently, Covariance Matrix Adaptation
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- Evolution Strategy (CMA-ES) has gained attention for its ability to autonomously adjust
search parameters, making it particularly well-suited for high-dimensional design spaces [49,
50,88,90].

Swarm Intelligence Algorithms

Swarm intelligence algorithms are inspired by the collective behavior of biological systems,
such as flocks of birds or colonies of ants. These algorithms rely on a population of interact-
ing agents that collaboratively explore the search space, making them particularly effective
for highly multi-modal optimization problems. Among them, Particle Swarm Optimiza-
tion (PSO) is one of the most widely applied methods, modeling the optimization process as
a dynamic interaction between particles adjusting their positions based on both personal and
global best solutions. However, multiple studies have systematically shown that PSO tends
to under-perform compared to other algorithms in robotic design optimization [70, 72, 83].
Other swarm-based approaches have also been explored. Ant Colony Optimization (ACO),
which simulates pheromone-based path-finding, has been successfully used in a bi-level op-
timization framework to efficiently select optimal actuators [14]. Additionally, more recent
nature-inspired algorithms such as the Grey Wolf Optimizer (GWO) and Harris Hawks Op-
timization (HHO) have been compared to GA and PSO, showing promising results for kine-
matic optimization [72].

Direct Search Algorithms

Direct search methods are derivative-free optimization techniques that explore the search
space using geometric transformations or structured patterns rather than relying on gradients.
These methods are particularly useful for constrained problems and scenarios where function
evaluations are expensive or noisy. Among them, the Complex method has been widely
used, particularly in its extension to mixed-integer problems developed by Pettersson et
al. [120]. This approach has been extensively applied at Linköping University for optimal
drivetrain design, where it was used to select suitable gearboxes and motors for both industrial
and modular robots [95, 96, 121]. More recent studies that incorporate actuator selection
alongside other design variables have also adopted the Complex method, reporting excellent
optimization performance [109,122].
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Alternative Approaches

Although the previously discussed algorithms are the most widely used in the literature, some
studies have explored alternative approaches such as Simulated Annealing [48,76] or Bayesian
Optimization (BO), which has emerged as a particularly promising method. It operates
by constructing a probabilistic model of the objective function and strategically selecting
new evaluations to minimize function queries, thereby significantly reducing computational
cost. Cursi et al. [83] report that BO achieves performance comparable to that of a Genetic
Algorithm (GA) while reducing computation time by a factor of six.

Multi-Objective Optimization Algorithms

As presented previously, many robotic design problems involve optimizing multiple conflicting
objectives. Multi-objective optimization algorithms aim to generate a set of trade-off solu-
tions known as the Pareto front. The most widely used method is Non-Dominated Sorted
Genetic Algorithm II (NSGA-II), which extends the evolutionary principles to multi-objective
spaces [99,102,113,115]. Saravan et al. [108] compare this method to Multi-Objective Genetic
Algorithm and Multi-Objective Differential Evolution and reports that NSGA-II outperforms
by far the others on a complete kinematic, dynamic and structural optimization problem.
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2.3.7 Design Exploration and Optimization Tools

The previous sections have outlined the extensive body of literature on the design optimiza-
tion of robot manipulators. While the studies presented tackle a wide variety of optimization
problems, the methodologies used often lack the capacity for generalization across different
optimization contexts. A few studies have made attempts to develop more general frame-
works for robot design optimization, though these efforts remain limited.

One notable example is the GlobDesOpt framework developed by Cursi et al. [83], which
focuses purely on kinematic optimization. This Matlab-based framework enables the op-
timization of DH parameters and joint types to maximize global manipulability for both
single-arm and dual-arm robots. It incorporates implementations of Genetic Algorithms,
Particle Swarm Optimization and Bayesian Optimization, offering flexibility in addressing
different optimization challenges. However, it remains confined to kinematic optimization
and does not extend to other critical aspects like dynamics or modular design.

Another relevant contribution is the work of Leger [123], which introduces Darwin2k, a soft-
ware for the automated design of robot configurations. This research presents an evolution-
ary approach where robot designs are represented using parameterized module configuration
graphs, allowing for both structural and kinematic design variables. The system incorpo-
rates a simulation environment with capabilities for dynamic analysis, collision-free path
planning, and the evaluation of various performance metrics. Several case studies, including
a free-flying space robot and a manipulator for a space shuttle, demonstrate the system’s
ability to synthesize effective and novel robot designs. The framework is primarily limited to
task-based performance metrics and relies on a GA for optimization.

Finally, Külz et al. [124] developed Timor Python, a toolbox tailored for the assembly, design
exploration and optimization of modular robots. It allows users to assemble robots from
standardized modules and generates both kinematic and dynamic models. The optimization
interface supports multiple objective functions, such as cycle time, power consumption, and
robot mass, and uses a GA for optimization. However, its focus on modular robots prevents
it from supporting continuous design variables. Additionally, the toolbox is constrained to
specific task-based optimization problems.
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2.4 Literature Review Discussion

In conclusion, while the literature on the design optimization of robot manipulators is exten-
sive, it remains largely fragmented and focused on specific, often narrowly defined problems.
Existing approaches lack the generality and flexibility needed to support the early-stage de-
sign of manipulators across diverse tasks and environments. This section highlights the main
limitations in the literature, which arise from the narrow scope of applications considered,
incomplete or oversimplified modeling assumptions, restrictive problem formulations, and
algorithmic limitations.

A primary limitation is the incomplete modeling of the manipulator system. As discussed
in Sections 2.3.1 and 2.3.2, many studies model only subsets of the design space, typically
focusing on either kinematic parameters or actuator selection, without considering a compre-
hensive representation of the manipulator.

A second limitation is the task-specific nature of most methodologies. Many design strategies
are tailored to a single application, which limits their generalizability. Conversely, methods
that optimize global criteria often lack the ability to incorporate task-specific performance
metrics. The developed formulation of the optimization problem itself is often restrictive,
either lacking the consideration of essential requirements or limiting the analysis to a narrow
scope.

Additionally, limitations arise from the algorithms used to solve these problems. Most studies
only consider optimizing the problem with a single algorithm, and may miss out on the oppor-
tunity to find better solutions more efficiently with other algorithms. Because of their widely
different characteristics, optimization algorithms perform differently for different problems.
Some may deal with constraints better than others, some may naturally consider integer
variables, and some may necessitate fewer function evaluations. A broader exploration of
algorithmic strategies, tailored to the nature of the problem at hand, is often missing from
the literature.

More broadly, the surveyed methods generally address isolated design problems rather than
contributing to the development of a unified and versatile design optimization framework.
The few tools that do attempt a more general approach are still subject to the aforementioned
limitations.
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2.5 Project Rationale

In conclusion, despite the significant advancements in the field of manipulator optimization,
the available optimization tools for conceptual design remain few and limited in scope.

Thus, the research objective of this thesis is to develop a versatile optimization and ex-
ploration framework for the conceptual design support of serial robot manipulators. This
objective is structured into three sub-objectives.

SO-1 - Select the most relevant performance evaluation metrics and model their relationship
to design parameters

SO-2 - Develop a general framework for manipulator design optimization for various opti-
mization problems.

SO-3 - Identify the most suitable algorithm for various optimization problems.

To achieve these objectives, Chapter 3 presents the methodology used to construct a general-
purpose framework. This includes the development of a comprehensive manipulator model,
the implementation of functions for evaluating performance metrics, and the formulation
of a flexible inverse design optimization structure. Chapter 4 then applies the developed
framework to construct a series of representative design problems and identify the most
efficient algorithms. Figure 2.8 provides an overview of the developed framework, indicating
which sections of this master’s thesis correspond to each of its components.

Figure 2.8 Overview of the direct and inverse design frameworks, highlighting the key com-
ponents, their interrelations, and references to the corresponding sections of the thesis.
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CHAPTER 3 METHODOLOGY

The conceptual design phase of robotic manipulators involves the exploration of diverse
design concepts and the efficient evaluation of their performance with respect to predefined
requirements. Traditionally, this process relies on the collaborative efforts of engineers from
multiple disciplines to assess each concept against a range of performance criteria. However,
for each new concept, the associated performance calculations and simulations often need to
be redeveloped, making the process time-consuming and inefficient.

This chapter proposes a generalized framework that supports both direct and inverse design
methodologies for evaluating and optimizing the performance of manipulator concepts. The
first section introduces the parameterized model of a serial manipulator composed of revo-
lute joints, enabling consistent representation across different design variations. The second
section details the selection and implementation of performance evaluation functions, sup-
porting the direct design approach by enabling rapid assessment of design concepts. Finally,
the third section presents the formulation of an optimization problem that integrates the
manipulator model and performance criteria, thereby enabling an inverse design approach to
systematically search for optimal design configurations.

3.1 Modeling and Parametrization of the Serial Robot Manipulator

To enable efficient performance evaluation of robotic manipulator concepts, a parameterized
and generalizable model must be developed to support simulations and performance analysis.
The model proposed in this work builds upon and extends the structural framework of Peter
Corke’s Python Robotics Toolbox [125]. It represents a serial manipulator as a sequence
of interconnected links, where each link comprises a shell and a joint located at its distal
end. Joints may be either fixed or revolute, with the latter being actuated. The model
incorporates kinematic, structural, and dynamic representations, along with a detailed model
of actuator dynamics and limitations. Its primary objective is to provide a flexible modeling
framework capable of representing a broad range of serial manipulator architectures, thereby
enabling engineers to systematically explore and assess various conceptual designs. The
overall structure of the model is illustrated in Figure 3.1.
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Figure 3.1 Representation of the sequence of links with their respective shells and joints for
a 6-DoF manipulator model.

3.1.1 Kinematic Model

The kinematic model of the robot is derived using Elementary Transform Sequences (ETS)
[21]. Given that this study focuses exclusively on serial robots, the kinematic model describing
the pose of the end-effector is described as the product of the ETS representations of each
individual link. Kinematic frames are assigned at the proximal end of each link, and the
corresponding ETS defines the HTM from the link’s base to its distal end.

The ETS description decomposes the 4×4 HTM into a structured sequence of elementary
transformations. For each link, this sequence includes translations along the base frame axes
(Tx, Ty, Tz), followed by intrinsic rotations about each axis (Rx, Ry, Rz), as illustrated in
Figure 3.2. If a joint is located at the end of the link, the ETS is further extended by
an elementary rotation about the Z-axis parameterized by the joint angle q, represented as
Rz(q). This convention is consistent with the DH parameterization, in which joint axes are
aligned with the Z-axis by definition.

Accordingly, the kinematic parameters associated with each link consist of the six static
components of the ETS and an additional parameter indicating the presence of a joint at the
distal end of the link, along with two parameters defining the joint’s lower and upper motion
limits.
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Figure 3.2 Illustration of the elementary transform components within an Elementary Trans-
form Sequence. Translational motions along the x, y and z axes (Tx, Ty, Tz) are followed by
intrinsic rotations applied sequentially about the rotated axes (Rx, Ry, Rz).

The complete kinematic model of an n-DoF serial manipulator is thus represented as a chain
of elementary transformations with n variable terms and 9n parameters. Forward kinematics
are evaluated by substituting the variable joint angles qi into the global ETS and computing
the resulting HTM.

Optimized Inverse Kinematics Model

In Chapter 2, the concept of inverse kinematics was introduced, along with the rationale for
selecting the LM algorithm. While this algorithm is known for its robust performance and
rapid convergence, it shares a common limitation with all numerical, non-analytical inverse
kinematics methods: it converges to a single solution. In practice, a manipulator may be
capable of achieving the same end-effector pose through multiple distinct joint configurations.
For redundant manipulators, the set of feasible solutions may even be infinite. In such
cases, identifying the optimal configuration among the many possibilities becomes a critical
challenge. This challenge is particularly relevant when analyzing manipulator performance at
a specific pose, as the evaluation functions presented in Section 3.2 depend on the associated
joint configuration. Simply selecting the first solution returned by the LM algorithm may lead
to results that are suboptimal or inconsistent from an engineering perspective. Depending
on the application, an engineer may wish to prioritize configurations that maximize payload
capacity, minimize end-effector deflection, or maintain joint positions safely away from their
limits.

To address this issue, the approach proposed in this thesis formulates a constrained opti-
mization problem aimed at improving a selected secondary objective, such as maximizing
payload capacity or minimizing joint limit proximity, while enforcing a constraint on pose
reachability (Eq. 3.1).
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min
q

secondary_objective(q)

subject to e ≤ tol

qlower ≤ q ≤ qupper

(3.1)

Where e, the error defined as the deviation between the end-effector pose corresponding to q
and the desired target pose, remains below a specified tolerance (tol), and qlower and qupper

are the joint limits.

To reduce computational cost and avoid convergence to suboptimal local minima, the con-
strained optimization problem is solved using a multi-start strategy based on SQP, a gradient-
based algorithm (see Section 3.3.4). As summarized in Algorithm 1, n initial joint-space
samples q0 are generated using Latin Hypercube Sampling (LHS) within the joint limits
qlower and qupper. For each sample, the LM inverse kinematics algorithm is used to compute
a feasible joint configuration q that reaches the desired end-effector pose p. If the manip-
ulator is not redundant and at least one solution is found, the procedure terminates and
the configuration with the best value for the secondary objective is selected. Otherwise, if
the pose is reachable and the robot is redundant, SQP is initialized from each configuration
to minimize a given secondary objective function while maintaining pose reachability. This
yields a set of locally optimized configurations qopt,k with associated objective values fopt,k.
The configuration with the best objective value is then selected as the optimal solution qopt.

Algorithm 1 Optimize Inverse Kinematics
Input: p, secondary_objective
Output: Optimal configuration qopt

initial_samples ← LHS(n, qlower, qupper)
for each q0 in initial_samples do

q ← IK(p, q0)
if reachable then

if not redundant then
Store qopt,k = q
Store fopt,k=secondary_objective(q)

end if
if redundant then

Store qopt,k, fopt,k = SQP (secondary_objective, p, q)
end if

end if
end for
qopt ← best(qopt,k)
return qopt
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Although this method provides excellent results, it does not guarantee finding the global
optimal configuration as it depends on the random starting points used at the first step. Also,
the step used to assess the numerical approximation of gradient of the secondary function
and the termination criteria must be selected appropriately for the algorithm to converge
efficiently.

3.1.2 Structural Model

The shell of each link is modeled by a hollow cylinder approximation illustrated in Figure
3.3. The direction and the length ls of the cylinder is defined by the translational component
of the ETS of the child link. Consequently, the structural model of each shell is parametrized
by a wall thickness ts, an outer diameter Ds, and a material density ρs.

Figure 3.3 Illustration of the model of the link shell and corresponding structural parameters

3.1.3 Actuator Model

A large portion of robotic performance criteria depends directly on the selection of actuators
at each joint. For this reason, a versatile design exploration tool must incorporate a complete
and flexible actuator model.

A rotary actuator is a complex mechatronic system composed of several integrated compo-
nents. The two primary elements responsible for actuation are the motor and the reducer.
The full assembly may also include an outer shell, driver, encoder, torque sensor, brake, and
other additional components. However, for the purposes of this thesis, the actuator model
is simplified to focus solely on a motor and a reducer. Specifically, the modeled components
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are a direct current (DC) motor and a harmonic reducer, a common combination in robotic
systems. This simplification is adopted to reduce modeling complexity, though the frame-
work remains open to future extension with additional motor and reducer types to broaden
its applicability. To account for the mass of omitted components, the total actuator mass is
approximated considering the combined mass of the motor and reducer to represent 30% of
the total mass.

Motor Model

Theoretically, a DC motor exhibits a linear speed–torque relationship. In practice, this
relationship is bounded by a plateau corresponding to the maximum torque that the motor
cannot exceed. This behavior can be described using three parameters: the maximum torque
τm−peak, the maximum speed at zero torque ωm−max, and the critical speed ωm−c, where
the linear relationship reaches the maximum torque limit. Due to thermal and durability
considerations, motor manufacturers also specify a maximum nominal torque τm−nom, which
represents the maximum average torque the motor can sustain over a typical operating cycle
without degrading its components. Based on these characteristics, three motor performance
models are derived for different evaluation purposes:

1. The peak performance model represents the maximum achievable performance of the
motor, constrained by the linear torque–speed relationship and the maximum torque
limit.

2. The conservative peak performance model provides an approximation of the motor’s
capabilities, reducing the relationship to two limiting values: maximum torque and
critical speed. This model is used when a full torque–speed dependency cannot be
considered (see Section 3.2.1).

3. The nominal model is similar to the conservative peak model but applies the maximum
nominal torque as the upper torque limit. It is primarily used for assessing actuator
performance under static conditions (zero speed and acceleration).

The three different models are illustrated in Figure 3.4, highlighting the model-dependent
relationship describing maximum motor torque as a function of speed τm−max(ω).

The motor is thus fully characterized by its mass mm, rotor inertia Jm, and the four param-
eters defining its torque–speed relationship.
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Figure 3.4 Torque-speed relationship for the peak, conservative peak and nominal perfor-
mance models of a DC motor.

Reducer Model

The torque capacity of a motor is typically insufficient to meet the demands of robotic ap-
plications. To address this, a harmonic gearbox is integrated at the motor output, providing
torque amplification and speed reduction, characterized by a reduction ratio N and an effi-
ciency η. Manufacturers specify operational limits to ensure durability and prevent damage,
such as a maximum output torque τr−max and a maximum input speed ωr−max. The har-
monic reducer is fully characterized by its mass mr, output shaft inertia Jr, and efficiency η.
Additionally, its torsional stiffness k must be considered for stiffness analysis.

Finally, the impact of the inertia of the rotating components must be considered. The
dynamics of the actuator, expressing the motor torque and speed as a function of output
shaft acceleration and torque, are detailed in Equation 3.2:

τm = (Jm + Jr

N2 ) ∗Nq̈ + τoutput

ηN

ωm = ωoutput

N

(3.2)

where τm and ωm are the torque and speed produced by the motor, q̈ is the angular acceler-
ation at the actuator output, and τoutput and ωoutput are the torque and speed at the output
shaft. Frictional forces are neglected in this model for simplification purposes.

The derived actuator model can be used in two different ways. First, it can be used to verify
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whether a given combination of output torque τout, speed ωout, and acceleration q̈ at the
output shaft is achievable. To do so, the necessary motor torque and speed and assessed
with the actuator dynamics (Eq. 3.2) and the results are compared with the motor and
reducer torque and speed limits. The constraints for feasibility are detailed in the following
equations.

τout ≤ τr−max (3.3)

ωm ≤ ωr−max (3.4)

ωm ≤

ωm−max if peak model

ωm−c otherwise
(3.5)

τm ≤ τm−max(ωm) (3.6)

For the conservative peak model, the aim is to provide state independent bounds, therefore,
the fact that the maximum torque is dependent of acceleration is an issue. The proposed
solution is to neglect the impact of acceleration in the dynamic model. For the acceleration
component to be negligible with respect to the output torque component, it should be inferior
with a ratio of at least 10. This ratio can be enforced by adding an acceleration limit defined
by the following equation:

q̈max = N ∗ τm−max

10(Jm ∗N2 + Jr)
(3.7)

The model can also be used in a different way, assessing the maximum torque the actuator
is capable of producing given a combination of speed ωout and acceleration q̈ at the output
shaft. It is particularly useful for payload capacity evaluation (see Section 3.2.1). Similarly
to the previous use, the motor speed is assessed using the actuator dynamics (Eq. 3.2). At
this stage, if the motor speed exceeds motor and reducer limits, the returned torque capacity
is null. Otherwise, the maximum motor torque is calculated using the chosen motor model
τm−max(ωm) and the dynamics equations are applied inversely to extract the maximum output
torque due to motor limits τout−max−motor.

Finally, the maximum output torque of the actuator is deduced as the minimum between
the calculated maximum output torque due to motor limits τout−max−motor and the reducer
maximum output torque τr−max.

These two applications of the actuator model provide the necessary tools to evaluate the
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performance of a manipulator design concept on actuator-dependent criteria.

3.1.4 Dynamic Model

The general dynamic model of the manipulator has already been introduced in Section 2.1.2.
The RNE algorithm only needs information on the inertial parameters of each link to establish
the general inertia matrix and compute the joint torques necessary for a dynamic motion.
The inertial parameters of a link are its mass, its center of mass and its matrix of inertia,
this section presents a rapid overview of the calculations needed to extract these parameters
from shell and actuator properties.

First of all, the mass of the link is computed as the sum of the mass of the shell mshell plus,
for links with actuators, the mass of the actuator at the end of the link mact (Eq.3.8).

mshell = ρsπlsts(Ds − ts)

mlink = mshell + mact

(3.8)

The computation of the center of mass is determined considering the actuator as a point mass
located at the origin of the distal frame of the actuator. For a link where the translational
component of the ETS from the proximal frame to the distal frame is t =

[
Tx Ty Tz

]T
, the

center of mass r of the link is expressed in Equation 3.9.

r =
mshell ∗ 1

2t + mact ∗ t
mtot

(3.9)

The inertia matrix, expressed with respect to the center of mass of the link, is computed
with Equation 3.10.

Ilink = Ishell + Iactuator (3.10)

Where Ishell is has been rotated and translated to the appropriate frame and Iactuator is the
inertia matrix of a point mass mact at the distal end of the actuator.

3.1.5 Overview of the Manipulator Model

To summarize, the manipulator is modeled by a series of links and actuators. Each link can
be fully represented by kinematic and structural design parameters. The actuators, present
at joints between links are modeled with a motor and a reducer and their corresponding
physical properties and dynamic limits. Tables 3.1 and 3.2 present the complete set of design
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parameters needed to fully model a link and an actuator respectively. An example of a
complete parametrization of the model for the Kinova GEN3 manipulator [30] is provided in
Appendix A.
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Table 3.1 Summary of the design parameters for a manipulator link model and corresponding
symbol and units.

Parameter Symbol and Unit

Translational Component X of ETS Tx (m)
Translational Component Y of ETS Ty (m)
Translational Component Z of ETS Tz (m)
Rotation about X-axis of ETS Rx (rad)
Rotation about Y-axis of ETS Ry (rad)
Rotation about Z-axis of ETS Rz (rad)
Presence of a Joint at the Distal End has_joint (True or False)
Joint Limit (Minimum) qmin (rad)1

Joint Limit (Maximum) qmax (rad)1

Shell Wall Thickness ts (m)
Shell Outer Diameter Ds (m)
Shell Material Density ρs (kg/m3)
1 Only applicable if has_joint is True.

Table 3.2 Summary of the design parameters for a actuator model and corresponding symbol
and unit.

Parameter Symbol and Unit

Motor Mass mm (kg)
Motor Rotor Inertia Jm (kg·m2)
Motor Maximum Peak Torque τm−peak (Nm)
Motor Maximum Nominal Torque τm−nom (Nm)
Motor Maximum Speed ωm−max (rad/s)
Motor Critical Speed ωm−c (rad/s)
Reduction Ratio N
Gear Efficiency η
Reducer Mass mr (kg)
Reducer Output Inertia Jr (kg·m2)
Reducer Maximum Output Torque τr−peak (Nm)
Reducer Maximum Input Speed ωr−max (rad/s)
Reducer Torsional Stiffness k (Nm/rad)



45

3.2 Performance Criteria and Evaluation Functions

To ensure versatility, the tool requires a diverse set of evaluation functions that can assess
various performance criteria. As presented in Chapter 2, a large variety of performance cri-
teria exist to evaluate manipulator performance. Although any scalar performance indicator
could be implemented with the presented methodology, the evaluation functions implemented
in this project are selected based on the relevance of the performance criteria. To identify
performance criteria that are both theoretically grounded and practically relevant, a survey
of the scientific literature and commercial data-sheets was conducted across 77 articles and
15 data-sheets. This dual-source approach ensures a comprehensive understanding of current
trends and priorities used by both researchers and industry practitioners. The following sec-
tion presents the functions developed to evaluate the most frequently mentioned indicators,
differentiating task related criteria from global performance indicators. Given the diversity
of potential designs, these functions are designed to accommodate any combination of design
parameters.

3.2.1 Task-Specific Criteria

The selection of appropriate task related performance criteria is typically guided by the
nature of the task for which the robot is intended. In this project, tasks are categorized into
three hierarchical classes:

1. Positioning-based tasks – defined by a set of discrete points or poses that the robot
must reach, without a prescribed order or timing.

2. Path-based tasks – defined by an ordered sequence of poses that the robot must follow,
where continuity of motion between poses is essential.

3. Trajectory-based tasks – defined by a sequence of poses, parametrized with time inter-
vals, where both the order and timing of the motion are critical.

Performance criteria applicable to positioning-based tasks generally remain relevant for path-
and trajectory-based tasks. Additional task-specific criteria can be evaluated to characterize
the performance of a robot on a path or trajectory.

Position-Based Tasks

Position-based tasks are characterized by a set of points or poses that the robot must attain
to perform a task, for example a set of drilling poses [11] or a set of points describing the
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ideal workspace of an assistive robot [42].

Since these points or poses are neither ordered nor associated with specific time steps, the
performance evaluation for this task type is conducted independently at each point or pose.
The result is a mapping of the performance of the robot over the task. Global task-level
performance can then be summarized using statistical measures such as the worst, best, or
average value of a selected performance indicator.

Among the literature surveyed, reachability emerged as the most commonly used and fun-
damental performance indicator for position-based tasks, appearing in 35% of the reviewed
studies. Reachability must be verified before any other performance metric can be assessed
at a given point or pose, as it determines whether a valid joint configuration exists that allows
the robot to reach the target.

The reachability evaluation function thus serves two critical purposes: (1) to compute the
reachability indicator for the task, and (2) to determine the joint configurations required to
reach each target point or pose. This latter role is essential, as it effectively maps the task
into the joint space, where other performance indicators are evaluated.

As presented in Chapter 2, the reachability of each point or pose in the task can be evaluated
with an inverse kinematics algorithm. In the context of this framework, a key feature is the
use of the optimized IK algorithm (IKopt) introduced in Section 3.1.1, which incorporates a
secondary objective, here arbitrarily selected as joint-limit avoidance. The general procedure
for reachability evaluation is illustrated in Figure 3.5.

Position-based task

Set of points Set of poses

Kinema�c parameters

Reachability Evalua�on

Op�mized IK

Reachability of the task (%)

Reachability mapping

Joint-space task

User Input Model Parameter Evalua�on Func�on Func�on Output

Figure 3.5 Reachability evaluation workflow illustrating how user-defined tasks and kinematic
model parameters are processed to generate the reachability metric, reachability mapping,
and joint-space task representation.

Solving the IK problem for each point or pose in the task generates the corresponding joint-
space representation, denoted as Q. The definition of the reachability indicator itself depends
on the context in which the function is evaluated. When reachability is used within the inverse
design process, as an objective function or as a constraint ensuring full task coverage, it may
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be desirable for the function to exhibit continuity, allowing the optimization algorithm to
more effectively explore the design space. In such cases, the indicator can be defined as the
sum of IK errors across all task points or poses. Conversely, in the context of the direct design
process, or when reachability is treated as an inequality constraint with a target threshold, a
more interpretable metric is preferable. In this case, the reachability indicator described in
Section 2.2.1, which represents the ratio of reachable points or poses, should be used. The
complete procedure for evaluating reachability is outlined in Algorithm 2.

Algorithm 2 Assess Task Reachability
Input: P : list of N points/poses
Output: Reachability (%), Sum of errors (Σerrors), Joint space task (Q)

Nreachable ← 0
Q ← ∅
Σerrors ← 0
for each pose in P do

q, error← IKopt(pose)
if error < tolerance then

Nreachable ← Nreachable + 1
Q ← Q∪ {q}

end if
Σerrors ← Σerrors + error

end for
Reachability← Nreachable

N
× 100

return Reachability, Σerrors, Q

The remaining performance criteria are evaluated using the set of joint configurations Q,
which corresponds to the solutions obtained for each task point or pose. Among the criteria
found in the surveyed literature and commercial data-sheets, the most prevalent for position-
based tasks are payload capacity, featured in all data-sheets reviewed, and manipulability,
end-effector deflection, dexterity and natural frequency, which appeared in 16%, 9%, 5% and
5% of the literature sources, respectively. The evaluation functions for natural frequency,
manipulability and dexterity are directly implemented from their definition in Section 2.2.
The implementation of payload capacity and end effector deflection evaluations are detailed
in the following paragraphs. The general process for their evaluation on position-based tasks
is illustrated in Figure 3.6.
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Figure 3.6 Static payload capacity and end-effector deflection evaluation workflow illustrating
how user-defined tasks and model parameters are processed to generate the performance
metrics and mappings.

The static payload capacity of a robot in a given configuration q is defined as the maximum
payload mass that can be supported at the end effector. The evaluation process is divided
into the following steps:

1. Actuator Torque Limits: The maximum static torque capacity of each actuator, denoted
τ max, is calculated based on the nominal model of the actuators.

2. Gravity Compensation: The torques required to maintain the robot’s configuration with-
out any payload, τ gravity, are computed using the RNE algorithm with zero velocities and
accelerations.

3. Payload-Induced Torques: The joint torques needed to compensate for a 1-kg payload
placed at the end effector in the presence of gravity vector g, denoted τ payload, are calculated
using the Jacobian. τ payload = −JT .g

4. Maximum Load Estimation: The total torque required to support an arbitrary payload
is modelled as the sum of gravity compensation torques and a scaled version of the payload-
induced torques. The maximum payload capacity corresponds to the smallest positive scaling
factor k such that the total torque of a joint reaches its respective actuator limit. If the
minimum k is negative, it indicates that the robot is unable to support its own weight in
that configuration.

Allowing the payload capacity indicator to take negative values facilitates more effective
exploration of the design space in the inverse design process. Physically, a negative payload
capacity corresponds to the upward force (in kgf) that must be applied at the end-effector to
compensate for gravitational torque, ensuring that the torque required at the limiting joint
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does not exceed the torque limits of the actuator.

The complete evaluation process is presented in Algorithm 3.

Algorithm 3 Compute Maximum Static Payload Capacity
Input: q
Output: Maximum payload capacity (kg)

τ gravity = RNE(q, 0, 0)
τ payload = −JT .g
Solve for k : |τ gravity + k ∗ τ payload| = τ max

return Maximum payload capacity = min(k)

The translational deflection of the end effector in a given robot configuration q is estimated
using the joint stiffness matrix, as described in Section 2.2.3. The evaluation process proceeds
as follows:

First, the joint-space deflection is calculated by multiplying the gravity-induced torque vector
by the inverse of the joint stiffness matrix.

Next, a linear approximation of the end-effector’s Cartesian deflection is obtained by multi-
plying the Jacobian matrix by the joint-space deflection vector. The translational deflection
scalar is then computed as the Euclidean norm of the translational components of the result-
ing Cartesian deflection vector.

The full procedure for evaluating end-effector translational deflection is outlined in Algorithm
4.

Algorithm 4 Compute End-Effector Deflection
Input: q
Output: End-effector deflection (mm)

τ gravity = RNE(q, 0, 0)
∆θ = K−1

θ τ gravity

∆p = J.∆q
∆t = extract_translational_components(∆p)
return ∥∆t∥2

All of the performance criteria presented are inherently local, meaning they are evaluated
at individual configurations corresponding to specific task points or poses. As a result, the
analysis outcomes can be presented in two ways: either as a spatial mapping, where a color
map visualizes the criterion’s value at each task point or pose, or as a derived scalar indicator,
summarizing the robot’s performance over the entire task.

For instance, metrics such as the minimum static payload capacity, the average manipulabil-
ity, or the maximum end-effector deflection across the task can be reported. An example of
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such a spatial representation, specifically, the static payload capacity evaluated over a task
defined by uniformly distributed points within a cube, is shown in Figure 3.7.

Figure 3.7 Mapping of the static payload capacity of a robot manipulator (represented with
a wireframe model) over a task composed of uniformly spaced out points within a cube.

Path-Based Tasks

Path-based tasks are a subcategory of position-based tasks in which the order of the task
poses is crucial, as the robot is required to follow a continuous path that passes through each
specified point. This category is particularly relevant in applications involving repetitive and
cyclic motions, such as pick-and-place operations.

Before any performance indicators can be evaluated for a path-based task, the reachability of
all task poses must first be verified. If the entire path is deemed reachable, a corresponding
joint-space path must be generated to guide the end-effector through the specified Cartesian
poses. To ensure path smoothness, the optimized inverse kinematics algorithm (IKopt) is used
to determine the initial configuration for the first pose, selecting the solution that maximizes
distance from joint limits. For the remaining poses, the inverse kinematics is initialized using
the solution of the preceding pose, promoting continuity in joint space. A smooth joint-space
path is then generated via cubic spline interpolation between successive configurations.

All performance criteria previously introduced for position-based tasks can also be evaluated
at each configuration along the path.

Among the performance indicators relevant to path-based tasks, minimum cycle time, the
shortest possible time for the robot to execute the full trajectory, is the most widely used.
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It appears in 2 of the 15 surveyed data-sheets and in 13% of the reviewed literature. The
problem of determining the minimum execution time along a known path is known as a
Time Optimal Path Parametrization (TOPP) problem. The general process for minimum
cycle time evaluation is illustrated in Figure 3.8.

Path-based task

Joint-space task
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Figure 3.8 Evaluation workflow for the determination of the minimum cycle time necessary
for a manipulator to execute a path, illustrating how user-defined tasks and model parameters
are processed to evaluate the performance of a manipulator on a path-based task.

The current state-of-the-art solution for this problem is TOPP-Reachability Analysis (TOPP-
RA) [126], which is favoured due to its computational efficiency and high success rate. In the
context of a feasible path, the primary constraints that limit reductions in cycle time are the
actuator limits introduced in Section 3.1.3. However, since TOPP-RA is only compatible with
state-independent constraints, it cannot take into account the torque-speed relationship of the
peak motor performance model. As a result, the algorithm is executed using the conservative
peak model of each actuator, which provides constant torque, speed, and acceleration bounds.

The output of this evaluation is the minimum cycle time. In addition, the resulting joint-
space trajectory can be mapped to Cartesian space via forward kinematics, allowing for the
computation of the maximum Cartesian speed along the path, another performance criterion
that appears in 60% of the surveyed data-sheets.

Trajectory-Based Tasks

Trajectory-based tasks are a specialized subclass of path-based tasks in which the path is
explicitly parameterized with time steps. For instance, an industrial robot operating along a
conveyor belt may need to reach pick-and-place positions at specific time instants.

As with position- and path-based tasks, the first step in analyzing a trajectory-based task is to
convert the Cartesian task into a joint-space representation. This process is identical to that
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used for path-based tasks, with the exception that the cubic spline interpolation incorporates
the time parametrization provided in the task definition. The resulting joint-space trajectory
thus contains time-dependent joint positions, velocities, and accelerations.

The most frequently encountered performance indicators for trajectory-based tasks in the
surveyed sources are trajectory feasibility (31% of the literature) and power- and energy-
related criteria (5% of the literature, 66% of data-sheets).

Trajectory feasibility is evaluated by checking whether the actuators can produce the required
joint torques and velocities at each point along the trajectory. This is done by computing
the torque profile using the Recursive Newton-Euler (RNE) algorithm and verifying that
the torques and velocities fall within the bounds of the actuator’s peak performance model.
Since this criterion is binary, the trajectory is either feasible or not, a more informative
metric called dynamic payload capacity is introduced to quantify feasibility in a continuous
and interpretable manner. The general process for its evaluation is illustrated in Figure 3.9.

Trajectory-based task

Joint-space task

Reachability Evaluation

Dynamic Payload Capacity

Kinema�c
parameters

Structural
parameters

Dynamic parameters

Peak Actuator 
Limits

Maximum Dynamic Payload 
Capacity

Actuator
parameters

Trajectory Genera�on

Feasible Infeasible

Trajectory Feasibility

≥ 0 < 0

User Input Model Parameter Evalua�on Func�on Func�on Output

Figure 3.9 Dynamic payload capacity evaluation workflow illustrating how a user-defined
task and model parameters are processed to assess trajectory feasibility and determine the
maximum payload the manipulator can handle during execution.

The dynamic payload capacity at a given trajectory step represents the maximum mass that
can be held at the end effector while satisfying all dynamic constraints. Its evaluation differs
from the static case due to the inclusion of inertial effects and joint accelerations, which
render the static force/torque relationship invalid. The evaluation procedure is as follows:

1. Actuator Torque Limits: The joint torque limits are computed using the actuator peak
model, taking joint velocities into account.

2. Baseline Torques: The baseline joint torques (τ 0) required to achieve the desired motion
and resist gravity and inertial effects are computed using the RNE algorithm with no payload.
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3. Payload-Induced Torques: The procedure is repeated by adding a point mass of one
kilogram at the end effector. The additional torques caused by the payload (τ payload) are
derived as the difference from the baseline torques.

4. Maximum Load Estimation: Given the linearity of torque response to added payload for
a fixed state, a scaling factor is derived to determine the maximum payload the robot can
carry before any joint exceeds its torque limit.

The complete evaluation is detailed in Algorithm 5. The overall dynamic payload capacity
of a robot over a trajectory is defined as the minimum capacity computed across all steps of
the trajectory.

Algorithm 5 Compute Maximum Dynamic Payload
Input: q, q’, q”
Output: Maximum dynamic payload (kg)

Evaluate joint torque limits τ peak = peak_performance_model(q′)
τ 0 = RNE(q, q′, q′′)
Add 1 kg point mass to end effector frame
τ payload = RNE(q, q′, q′′)− τ 0
Solve for k : |τ 0 + k ∗ τ payload| = τ peak

return min(k)

Joint space trajectories can be evaluated for all the previously described position-based per-
formance criteria.1

For the purpose of this project, the power and energy related criteria implemented in the
framework focus on mechanical power and work. The mechanical power consumption over the
trajectory is evaluated as the product of torque and speed on the output shaft of the motor.
Average and peak power consumption can be evaluated considering the sum of each actuator’s
power consumption. The mechanical work is evaluated by integrating instantaneous power
over the trajectory. While straightforward to compute, these indicators are effective tools for
assessing the energy efficiency of a robot.

3.2.2 Global Criteria

Although the previous evaluation functions are very relevant when considering the perfor-
mance of a robot on a specific task, indicators describing the global performance of the robot
must also be implemented. This section presents the two classes of evaluation functions for

1The analysis of end effector deflection for trajectory-based tasks requires the additional consideration of
joint speeds and accelerations when computing joint torques.
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global criteria implemented in the framework; optimization-based techniques and workspace
analysis based techniques.

Optimization Techniques for Global Criteria

One method to derive a global performance indicator from a local criteria is to identify
the joint configuration that yields the worst-case or best-case value of that indicator. For
instance, determining the configuration with the lowest static payload capacity defines the
robot’s overall static payload capacity, while identifying the configuration with the greatest
end-effector reach defines the robot’s "maximum reach". These two global indicators are con-
sistently reported in the examined data-sheets. Identifying such extreme configurations can
be achieved either through exhaustive sampling of the joint space or through optimization-
based methods.

For this project, it was decided to leverage optimization techniques in order to reduce com-
putation time and increase precision. Specifically, the SQP algorithm is used to find the
maximum reach, minimum static payload capacity, maximum end effector deflection and
minimum natural frequency over the workspace of the robot. It must be emphasized that
the optimization techniques presented here are not part of the inverse design procedure but
a method to efficiently compute global criteria, the optimized variables here are joint angles
and not design variables. The general procedure used to identify the value of the globalized
local indicator is illustrated in Figure 3.10.

Model
parameters

Local Performance 
Indicator

Max/Min Value of Indicator 
over Workspace

Corresponding Joint 
Configura�on

Model Parameter Evalua�on Func�on Func�on Output

Figure 3.10 General procedure of the identification of critical joint configurations for the
globalization of local manipulator performance criteria using optimization techniques.

The optimization problems follow a common structure: a local performance indicator is
optimized while ensuring that the joint configuration q remains within the specified joint
limits (

[
qmin, qmax

]
). For example, the formulation for maximizing reach in a given direction

d is shown in Equation 3.11, where p(q) denotes the end-effector position resulting from
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forward kinematics:

max
q

dT p(q)

subject to qmin ≤ q ≤ qmax

(3.11)

It should be noted that the objective functions for these local indicators are generally non-
convex, and thus may contain multiple local optima. To mitigate the risk of convergence
to suboptimal solutions, a multi-start strategy is used. Initial guesses for the optimizer are
generated using LHS across the joint space, increasing the likelihood of identifying a global
optimum.

Reachable Workspace-Based Global Criteria

The second method implemented in the framework for assessing global performance indicators
involves modeling the robot’s reachable workspace as a position-based task composed of
discrete Cartesian points. The general process of this method is illustrated in Figure 3.11.
The reachable workspace evaluation relies on the sampling-based method described in Section
2.2.1.

Kinema�c
parameters

Reachable Workspace 
Evalua�on

Reachable Workspace
Position-based Task

Position-based 
Evalua�on Func�on

Function Min/Max/Avg 
Value over Workspace

Function Mapping 
over Workspace

Model Parameter Evalua�on Func�on Func�on Output

Model
parameters

Reachable Workspace
Volume

Figure 3.11 Process of global criteria evaluation using the reachable workspace as a task

1. Workspace Boundaries: The boundaries of the robot’s reachable Cartesian workspace
are first estimated by evaluating the maximum reach in the positive and negative directions
along each principal axis. These boundaries are used to discretize the Cartesian space into a
uniform grid of cubic voxels.

2. Joint Space Sampling: A large number of joint configurations are sampled using LHS,
ensuring a representative and evenly distributed set of samples across the joint space.

3. Workspace Mapping: Forward kinematics is applied to each sampled configuration to
compute the corresponding end-effector pose. The Cartesian positions are mapped to the
discretized voxel grid, where a voxel is marked as "reachable" (assigned a value of 1) if any
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sample falls within it. This mapping results in a binary occupancy map of the reachable
workspace.

Finally, the volume of the reachable workspace can be obtained by summing the volumes of
all voxels marked as reachable.

In certain cases, major simplifications can be applied to significantly reduce the computational
load:

1. If the axis of the first joint aligns with the gravity direction and its limits allow full rota-
tion, the workspace exhibits axial symmetry around this axis. The reachable workspace
can then be projected as a 2D cross-sectional slice without loss of generality.

2. If the translational components of the ETS of the final link are entirely aligned with
the last joint’s axis, the last joint does not affect the reachable workspace.

These simplifications, commonly observed in commercial manipulators, allow two joint vari-
ables to be excluded from sampling, significantly improving resolution for a fixed number of
samples.

Once computed, the reachable workspace can be treated as a position-based task, enabling the
evaluation and spatial mapping of the criteria presented in Section 3.2.1 over the workspace.

Finally, two additional global indicators are implemented in the framework: the GCI and the
SLI presented in Section 2.2.1, used in 9% and 5% of the surveyed literature, respectively. A
comprehensive summary of all evaluation functions implemented in the tool is presented in
Table 3.3, detailing for each function: the design parameters (DP) that influence its output,
relevant outputs, and the task types to which it applies.
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Table 3.3 Summary of implemented performance evaluation functions, associated influencing
design parameters - kinematic (K), structural (S), actuators (A).

Function DP Output Task Type

Reachability K reachability map
reachability percentage [%] all

Manipulability K manipulability map
min. manipulability [unitless] all

Dexterity K dexterity map
avg. dexterity index [unitless] all

Natural Frequency KSA natural frequency map
min. natural frequency [Hz] all

Capacity
Static Payload KSA payload capacity map

max. payload capacity [kg] all

Deflection
End Effector KSA e.e. deflection map

max. e.e. deflection [mm] all

Cycle Time KSA max. cartesian speed [m/s]
min. cycle time [s] path

Trajectory Feasibility KSA True or False trajectory

Power Consumption KSA max power consumption [W]
avg. power consumption [W] trajectory

Mechanical Work KSA total mechanical work [J] trajectory

Capacity
Dynamic Payload KSA min. payload capacity [kg] trajectory

Max. Reach K maximum reach [mm] global

Capacity over Workspace
Max. Static Payload KSA max. payload capacity [kg] global

Deflection over Workspace
Max. End Effector KSA max. e.e. deflection [mm] global

over Workspace
Min. Natural Frequency KSA min. natural frequency [Hz] global

Volume
Reachable Workspace K mapping of reachable workspace

reachable workspace volume [m3] global

SLI K SLI index [unitless] global

GCI K GCI index [unitless] global

Mass KSA total mass [kg] global
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3.3 Inverse Design Methodology

The model and performance criteria presented in the previous section allow an engineer to
evaluate a manipulator concept using the direct design method, by parameterizing the model
and evaluating it with a selection of performance evaluation functions. While direct design
methodologies follow a direct path, starting from predefined design parameters and evalu-
ating performance accordingly, they often require numerous iterations to converge toward
a satisfactory solution. In contrast, the inverse design method inverts this process: perfor-
mance objectives and constraints are specified upfront, and the design variables are iteratively
optimized to meet these criteria. This paradigm shift enables a more targeted exploration of
the design space and is particularly useful when performance-driven customization is desired
from the outset.

The model and performance evaluation functions form the core of the inverse design frame-
work. The overall process is structured as follows:

1. A robot model is constructed by defining a set of design parameters. A subset of these
parameters is selected as design variables, which are allowed to vary within specified bounds
during the optimization process.

2. One or more performance criteria are chosen as objective functions to be either maximized
or minimized. When multiple objectives are defined, the problem becomes a MOO problem.

3. Additional performance criteria may be specified as constraints, imposing lower or upper
bounds on their permissible values.

4. An appropriate optimization algorithm is selected and executed on the defined problem.
It iteratively evaluates the objective and constraint functions by calling the corresponding
performance evaluation functions, attempting to converge toward an optimal solution.

5. Upon completion, the best-performing design encountered during the optimization is
retained. In the case of multi-objective optimization, a set of optimal solutions forming the
Pareto front is returned.

The following sections present the framework used to construct and solve the optimization
problem based on the models and evaluation functions introduced earlier.

3.3.1 Design Variables Selection

The design variables are selected from the set of design parameters representing the robot
model. These design variables are categorized into two types: continuous variables and
discrete variables. Continuous variables can take on any value within a user-defined range,
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while discrete variables are restricted to specific, predefined values, representing categorical
or binary choices.

The components of each link’s ETS can be defined as continuous design variables, as can
the joint limits for any joint present at the link extremities. The presence or absence of a
joint at the distal end of a link is modeled as a discrete design variable, encoded as a binary
value (1 for presence, 0 for absence). Similarly, the shell diameter and thickness parameters
in the structural model may be selected as continuous variables, while the material type is
treated as a discrete variable. However, since the structural strength and its effect on end-
effector deflection are not implemented in the framework, it is not recommended to vary these
structural parameters during optimization. Similarly, because self-collision is not considered,
considering joint limits as design variables may result in physically impossible designs.

The actuator model constitutes another set of potential design variables and can be handled
in two distinct ways. In the first approach, a predefined set of complete actuator models is
provided, and the optimization algorithm selects from this set using an integer variable to
represent each option. This approach is especially suitable for applications where a robotics
company has a fixed catalog of actuators. In the second approach, a more granular design
is enabled by separately selecting the motor and reducer from component catalogs, allowing
for more customized actuator configurations. However, this added flexibility comes with
increased design complexity, as it implies the creation of custom actuators.

To enable the use of optimization algorithms that do not natively handle integer or categorical
variables, a simple rounding strategy is used. Discrete design variables are allowed to take on
continuous values during the optimization, but are rounded to the nearest valid integer when
mapped to their corresponding categorical selections. This approach allows for consistent
performance comparisons across all implemented optimization algorithms, regardless of their
native support for mixed-integer problems.

3.3.2 Objective Function Selection

The objective function(s) for the optimization are selected from the set of performance eval-
uation functions outlined in Section 3.2. While all the presented functions can be used as
objective functions, their characteristics must be carefully considered when formulating the
optimization problem and selecting the appropriate algorithm.

One important characteristic to consider is the continuity of the function, which directly
affects the choice of optimization algorithm. The trajectory generation capacity function is
non continuous by nature, taking only binary value. Similarly, the reachability and dexterity
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evaluation functions, when defined as a percentage of reachable or fully dexterous poses,
are also non-continuous. On the other hand, most other functions are continuous and con-
tinuously differentiable with respect to continuous variables, except for static and dynamic
payload capacity assessments, which involve a minimum function and thus introduce non-
differentiability when switching between limiting actuators. It is important to note that the
mass evaluation function is the only one that provides an analytical gradient, as all other
functions involve a degree of stochasticity. As a result, gradient-based algorithms will require
the use of finite difference methods to approximate gradients.

Another key consideration is computational efficiency. For global performance evaluations,
optimization-based functions are generally preferred over reachable workspace-based criteria.
This is because the complete mapping of a criterion over the workspace is not interpretable
by optimization algorithms, making it less suited for use as an objective function.

Lastly, the objective functions selected should be those that provide meaningful and practical
benefits when fully optimized, rather than criteria that could more appropriately be treated
as constraints. For instance, using reachability of a set of poses as an objective function may
not be ideal. A better approach could be to pose the problem as optimizing another criteria
while placing a constraint on achieving 100% reachability for the task.

In this thesis, optimization problems are conventionally posed as minimization problems.
Thus, for maximization objectives, the negative of the function is minimized.

3.3.3 Constraint Selection

The selection of constraints follows similar guidelines to the selection of objective functions,
with the additional step of specifying the maximum or minimum bounds that the criteria must
not exceed. In this master’s thesis, the negative-null form convention is used for constraints,
meaning constraints are specified as less than or equal to zero. For instance, a function f

constrained with an upper bound u, f ≤ u becomes : g = f − u ≤ 0 and a function f with
a lower bound l, f ≥ l becomes l − f ≤ 0.

Many optimization algorithms, however, are not equipped to handle constraints directly.
To address this, three different methods are implemented in the framework to convert the
constrained problem into an unconstrained optimization problem. The unconstrained ob-
jective function f ′(x) is derived from the original objective function f(x) and an inequality
constraints vector g(x).

1. Death Penalty Method: This method penalizes infeasible solutions by assigning them a
very large constant value k. The main advantage is its simplicity, but the downside is that the
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algorithm will explore the infeasible space without any guidance on how to reduce constraint
violations in highly constrained problems. The unconstrained objective function in this case
becomes:

f ′(x) =

f(x) if g(x) < 0

k otherwise
(3.12)

2. Weighted Penalty Method: This method adds a penalty term to the objective function,
which is the weighted sum of constraint violations. While this approach allows the algorithm
to explore the infeasible space more efficiently, it may lead to slightly infeasible solutions.
The unconstrained objective function for this method is:

f ′(x) = f(x) + w ∗
∑

max(0, gi(x)) (3.13)

where gi(x) is the value of the i-th constraint and w is the penalty weight.

3. Feasibility-First Method: In this method, the algorithm first prioritizes minimizing con-
straint violations to bring the solution into a feasible region before attempting to optimize
the objective function. If any constraint is violated, the unconstrained function becomes the
sum of all constraint violations, added to the maximum value of the objective function. The
unconstrained objective function is then:

f ′(x) =

f(x) if g(x) < 0

fmax + ∑ max(0, gi(x)) otherwise
(3.14)
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3.3.4 Algorithm Selection

The selection of algorithms to implement within the framework was determined using the
survey of the manipulator optimization literature. The algorithms and number of occurrences
in the literature are displayed in Table 3.4. Because, the majority of these algorithms are
implemented in the pyGMO python toolbox [127], it was chosen as a reference framework
within which Bayesian optimization and Complex optimization where additionally imple-
mented. The following section provides a brief description of the best performing algorithms
for the problems and performance comparison methodology presented in Chapter 4.

Table 3.4 Frequency of optimization algorithms in surveyed studies

Algorithm Count
Genetic Algorithm 27
Complex 12
Sequential Quadratic Programming 10
Covariance Matrix Adaptation Evolution Strategy 6
Differential Evolution 4
Particle Swarm Optimization 4
Bayesian Optimization 2
Simulated Annealing 2
Ant Colony Optimization 1
Grey Wolf Optimization 1
Harris Hawk Optimization 1

Sequential Quadratic Programming

Sequential Quadratic Programming is the only gradient-based method implemented in the
project. It is the most frequently used gradient-based method in manipulator optimization
literature and regarded as one of the most efficient gradient-based methods for constrained op-
timization [128]. As its name indicates, the method consists in sequentially building quadratic
problems (QP) using the Lagrangian of the constrained problem as well as an approximation
of its Hessian. At each step, the solution to the QP problem provides a search direction and
a line search strategy is used to execute a step with sufficient decrease in a merit function
and update the Lagrange multipliers. This method is known to be very efficient with differ-
entiable functions and well-conditioned problems. To reduce the likelihood of converging to
local optima, it is often combined with a multi-start strategy, where the algorithm is initial-
ized from multiple points in the design space. Figure 3.12 illustrates the first iterations of an
SQP algorithm on a simple two-dimensional problem with inequality constraints.
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Figure 3.12 Iterations (k=0,3,7) of an SQP algorithm on a simple constrained problem, with
the contours of the objective function in shades of blue, the constrained regions in red and
the contours of the Lagrangian at each iteration in gray. [128]

Genetic Algorithm

A genetic algorithm is a population based-algorithm inspired by the principles of natural
selection and biological evolution. It operates by evolving a population of candidate designs,
typically represented as fixed-length chromosomes containing the design variables, over suc-
cessive generations to optimize the objective function. The first population, set of N candi-
date designs, is initialized by randomly generating designs with variables within the specified
bounds. The objective function, also referred to as fitness function, is evaluated for each
of the designs in the population. Three main operators are then applied to the population
to generate the next generation. The exact behaviour of the operators differs for different
variations of genetic algorithms, the following is an overview of the implemented algorithm.
First, a selection operator generates a population of N individuals with better performance.
Tournament selection is used, generating N random subgroups of individuals and adding
the best performing individual in each group to the population. Then, a crossover operator
is applied, selecting N groups of two individuals from the population and combining their
design variables with a chosen probability. Different methods can be used for the combi-
nation of design variables, in this project, simulated binary crossover is applied, producing
an offspring by sampling values from a probability distribution centered around the parent
designs. Finally, a mutation operator is applied to this population, randomly modifying the
design variables of some of the designs in the population with a low probability. The result
of these three steps is a new generation, on which the same operators can be applied again.
As generations progress, the algorithm aims to converge towards a globally optimal design.
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Covariance Matrix Adaptation Evolution Strategy

The Covariance Matrix Adaptation Evolution Strategy (CMA-ES) [129] is also a population-
based evolutionary algorithm. CMA-ES evolves a multivariate normal distribution over the
search space, iteratively sampling candidate solutions from the distribution, selecting the
best-performing individuals, and updating the distribution’s parameters. The mean of the
distribution is shifted towards better solutions through weighted recombination, while the
covariance matrix is adapted to capture the shape of the objective function’s landscape.
Step-size control is managed separately using the evolution path technique, which adjusts
the overall search scale based on the correlation of successive steps. CMA-ES is considered
one of the most powerful black-box optimization algorithms due to its efficiency with small
populations and its effectiveness in solving non-linear, non-convex, and ill-conditioned prob-
lems. Figure 3.13 illustrates the evolution of the distribution using CMA-ES on a convex
2-dimensional problem.

Figure 3.13 Evolution of the CMA-ES optimization process over six generations on a 2D con-
vex function. Contours show the objective landscape, red dots represent sampled candidates,
and orange ellipses indicate the updated search distribution.

Bayesian Optimization

Bayesian optimization is a global optimization method designed to minimize the number of
function evaluations needed to find an optimum. It operates by constructing a surrogate
probabilistic model of the objective function which estimates the value of the function for
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non-evaluated designs and quantifies the uncertainty of the prediction. At each step, an ac-
quisition function is optimized to determine the next design to evaluate, balancing between
exploration, evaluating designs with high uncertainty, and exploitation, evaluating designs
where the surrogate model predicts improvement. The surrogate model is then updated with
the information on the newly evaluated design and the cycle repeats. This method is par-
ticularly efficient for computationally expensive black-box functions. It was also extended to
multi-objective optimization by Ozaki et al. [130]. Although rarely used in robotic optimiza-
tion literature, it is implemented to compare with other well-known methods. An example
of Bayesian optimization on a 1-D multi-modal function is illustrated in Figure 3.14, it illus-
trates the balance between exploration and exploitation, displaying the surrogate model and
its confidence interval.

Figure 3.14 Illustration of four iterations of Bayesian optimization on a one-dimensional
multi-modal function, with the surrogate model mean and confidence interval in blue, the
real function in red and the sampled points in black.

Non-Dominated Sorted Genetic Algorithm II

The most used multi-objective optimization algorithm in the literature is NSGA-II. It extends
the classical genetic algorithm by considering multiple fitness functions.

The process begins identically to the GA with the initialization of a population of N can-
didate solutions, randomly generated within the predefined variable bounds. Each design is
evaluated using the objective function and the three variations of the GA genetic operators
are applied.

In the selection phase, candidate designs are ranked using non-dominated sorting to form
a series of fronts (as described in Chapter 2), where each front i is dominated only by the
preceding front i-1. Within each front, individuals are further ranked based on their crowding
distance to promote diversity. The top N

2 individuals are selected to form the basis of the
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next generation.

Next, the crossover operator creates N
2 offspring by pairing individuals and recombining their

design variables with a given probability.

Finally, the mutation operator is applied identically to the GA procedure, ensuring genetic
diversity in the population. The resulting new generation is then subjected to the same
sequence of operations in the subsequent iteration. Over time, the algorithm converges
towards the true Pareto front, ideally yielding a diverse set of high-quality, non-dominated
solutions. The evolution of the population with NSGA-II over 200 generations on an example
multi-objective problem is illustrated in Figure 3.15.

Figure 3.15 Evolution of the population of the NSGA-II algorithm on an example multi-
objective problem.

To summarize this chapter, Sections 3.1 and 3.2 address SO-1, and together with Section
3.3, they develop the complete methodology to achieve SO-2. The next chapter will use the
results obtained from the framework to address SO-3, by constructing a set of representative
problems and identifying the most efficient algorithms.
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CHAPTER 4 RESULTS

The methodology outlined in the previous chapter enabled the development of a general
and versatile framework designed to assist engineers in the conceptual design of serial ma-
nipulators, incorporating both direct and inverse design strategies. This chapter focuses on
demonstrating the application of the proposed framework across a range of inverse design
problems. The objective is twofold: to highlight the flexibility of the framework and to as-
sess the performance of various optimization algorithms when applied to different classes of
problems.

The structure of the chapter is as follows. First, in Section 4.1, the direct design approach
is used to evaluate the performance of a reference manipulator design using the performance
metrics introduced in Section 3.2. In particular, task-specific criteria are assessed across a set
of defined tasks, which subsequently serve as benchmarks for the inverse design results. Next,
in Section 4.2, a classification scheme for optimization problems is introduced, followed by
the detailed presentation of six representative problem cases. Finally, Section 4.3 discusses
the results obtained from optimizing each problem using a range of optimization algorithms,
providing comparative insights into their effectiveness.

4.1 Direct Design Performance Analysis of the Reference Design

Before attempting to construct and optimize inverse design problems, the performance of a
reference design is evaluated. In this aim, a model of the Kinova GEN-3 collaborative robot
is developed. Because the values of the actuator specifications are not completely publicly
available, commercially available motor and reducers were selected to obtain similar torque
and speed performance. Similarly, the structural parameters to construct the cylindrical shell
models were estimated to obtain mass properties similar to the available information. The
complete parametrized model is illustrated in Annex A. The following section analyzes the
global performance of the robot as well as its performance on three tasks, illustrating the
different task types presented in Section 3.2.1.

1. Task 1 - Position-based : A set of 16 discrete Cartesian positions filling a rectangular
area of 50cm × 70cm in the x–z plane. The rectangle is centered at x = 45cm and z =
35cm. This task could be used to assess the performance of a design with a workspace
presenting axial symetry.

2. Task 2 - Path-based : A pick and place task defined by three poses with a downwards
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pointing orientation, defined by a rotation of 180◦ around the X-axis of the reference
frame:

(a) A picking pose : x = 50cm, y = 0cm and z = 0cm

(b) A transition pose : x = 25cm, y = 25cm and z = 20cm

(c) A placing pose : x = 0cm, y = 50cm and z = 0cm

This basic representation of a typical robot task is used to evaluate the manipulator’s
speed capacity.

3. Task 3 - Trajectory-based : This task builds upon Task 2 by incorporating time intervals
at each pose to define a time-parametrized trajectory:

(a) t = 0s: Picking pose.

(b) t = 0.4s: Transition pose.

(c) t = 0.8s: Placing pose.

This task is used as an example to evaluate the robot’s dynamic performance.

The Cartesian points and poses defining each of the three tasks are illustrated in Figure 4.1.
For each task, all relevant performance criteria are evaluated, and the corresponding results,
including computation times, are summarized in Table 4.1. All computations were performed
on a laptop equipped with an Intel® Core™ i7-12700H processor.

z(m)

x (m)

(a) Task 1 points

x (m)

y (m)

z (m)

(b) Task 2/3 poses

Figure 4.1 Illustration of the Cartesian points and poses defining the three reference tasks
used for performance evaluation.
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Table 4.1 Results and computation times for the performance evaluation of the reference
Kinova GEN-3 manipulator model using the direct design approach on global and task-
specific performance criteria.

Performance Criteria Result Computation Time

Global
Mass 8.7 kg < 1 ms
Maximum Reach1 0.892 m 50 ms
Reachable Workspace Volume2 2.9 m3 10 s
SLI2 0.83 10 s
GCI2 0.063 80 s
Max. Static Static Payload Capacity1 1.14 kg 2 s
Min. Natural Frequency1 5 8.91 Hz 13 s
Max. End Effector Deflection1 5 4.05 mm 4 s

Task 1
Reachability 100% 50 ms
Minimum Manipulability4 0.008 11 s
Average Dexterity3 62% 9 s
Min. Natural Frequency5 8.57 Hz 34 s
Max. Static Payload Capacity 1.9 kg 13 s
Max. End Effector Deflection5 3.45 mm 31 s

Task 2
Reachability* 100% 10 ms
Minimum Manipulability*4 0.105 50 ms
Min. Natural Frequency*5 9.56 Hz 2 s
Max. Static Payload Capacity* 3.43 kg 300 ms
Max. End Effector Deflection5 2.38 mm 600 ms
Min. Cycle Time 0.78 s 2 s
Max. End Effector Velocity 1.38 m/s 2 s

Task 3
Max. End Effector Deflection5 4.3 mm 2 s
Trajectory Feasibility Feasible 1 s
Peak Power Consumption 91.76 W 1 s
Mechanical Work 40.45 J 1 s
Max. Dynamic Payload Capacity 3.45 kg 2 s

1 multi-start with 10 starts. 4 with inverse conditioning number index.
2 with 107 joint space samples. 5 with task maximum static payload.
3 with 30 tested orientations. * identical for task 2 and 3.
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The obtained results will be used as a reference in Section 4.3, where the performance of the
optimized designs resulting from the inverse design problems will be compared to this refer-
ence. Additionally, the computation times presented in Table 4.1 demonstrate the efficiency
of the direct design framework, ranging from less than one millisecond to approximately 80
seconds.

4.2 Construction of Representative Inverse Design Problems

Building on the performance of the reference design, the inverse design approach is used
to optimize the robot’s design based on selected performance criteria. This section aims to
define a set of representative inverse design problems, which will be used to evaluate a range
of optimization algorithms. The goal is to address sub-objective SO-3 by identifying suitable
algorithms to each problem type.

To support generalization, a classification scheme is developed based on the formulation
of inverse design problems. The proposed scheme draws inspiration from the framework
introduced by Martins and Ning [131], which considers three key formulation characteristics:
the type of design variables (continuous, discrete, or mixed), the number of objective functions
(single- or multi-objective), and the presence of constraints (constrained or unconstrained
problems). For simplicity, problems with discrete or mixed design variables are grouped into
a single category, thereby distinguishing between problems with only continuous variables
and those that include at least one discrete variable.

In addition to these three formulation characteristics, the dimensionality of the design space
is introduced as a fourth criterion, given that some algorithms are known to scale poorly
with higher dimensions. Following a common rule of thumb [131], problems with fewer
than ten design variables are classified as low-dimensional, while those with ten or more
are considered high-dimensional. The complete classification scheme, incorporating all four
criteria, is illustrated in Figure 4.2.
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Inverse design problem 
formulation

Design Variables

Continuous

Discrete/Mixed

Objec�ve

Single

Multi-objec�ve

Constraints

Constrained

Unconstrained

Dimensionality

High ( > 10 DV )

Low ( < 10 DV )

Mar�ns and Ning [133]

Figure 4.2 Classification of inverse design problems based on design variables, objective func-
tion(s), constraints, and dimensionality. The framed characteristics are adapted from Martins
and Ning [131], while dimensionality is added to reflect problem complexity.

Based on this classification, a set of inverse design problem classes is defined. By combining
the variable type, constraint presence, and dimensionality criteria, 23 = 8 distinct classes are
obtained. For simplification, two of these classes, those involving unconstrained problems
with only continuous variables, are excluded from the study, as no relevant or non-trivial
problems could be formulated to represent them.

For each of the six remaining classes, a representative problem is constructed to evaluate al-
gorithm performance across problem formulations. In addition, four multi-objective variants
are derived from the constrained problems by converting one of the constraints into a second
objective function. The resulting set of problem classes is illustrated in Figure 4.3.
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Figure 4.3 Inverse design problem formulation classes, numbered from one to six, derived
from the combination of characteristics from the introduced classification.

4.2.1 Problem 1 (Class 1) : Actuator Selection for Payload Maximization

The first class encompasses unconstrained optimization problems involving fewer than ten
variables, including discrete design variables. To illustrate this class, the following represen-
tative problem is presented. The robot is intended for operation on an assembly line, where
it performs a pick-and-place task (Task 3). The objective of the inverse design problem is
to determine the optimal selection of actuators to be assigned to each joint of the robot,
in order to maximize its dynamic payload capacity (see Section 3.2.1) along the specified
trajectory. The available actuators are drawn from the catalog provided in Annex B. The
formal problem formulation is as follows:

maximize
y

Pdyn(y)

where yi ∈ {Small, Medium, Large, XLarge} ∀i ∈ {1, 2, . . . , 6},
(4.1)

Where Pdyn(y) is the dynamic payload capacity over the trajectory for a robot with a set of
actuators y.
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4.2.2 Problem 2 (Class 2) : Link Length Optimization for Global Performance

The second class includes constrained optimization problems involving fewer than ten con-
tinuous variables. The representative problem for this class focuses on optimizing the global
performance of the robot. Specifically, the objective is to determine the optimal link lengths
that maximize the robot’s static payload capacity (see Section 3.2.1) throughout its entire
workspace.

To ensure a sufficiently large workspace and adequate manipulability, constraints are imposed
on the robot’s maximum reach (see Section 3.2.2) and GCI (see Section 2.2.1), which must
exceed 1 meter and 0.063 (reference design GCI), respectively. Each link’s length is defined
as the largest translational component within its ETS representation. Since the lengths of
the first two links do not influence the considered performance criteria, they are excluded
from the optimization.

The formal problem formulation is as follows:

maximize
x

Pstatic(x)

subject to R(x) ≥ 1m

GCI(x) ≥ 0.063

where x = {l3, l4, l5, l6, l7}

l3 = −Ty,3 ∈ [0.05m, 1m],

l4 = Ty,4 ∈ [0.05m, 1m],

l5 = −Tz,5 ∈ [0.05m, 1m],

l6 = Ty,6 ∈ [0.05m, 1m],

l7 = −Tz,7 ∈ [0.05m, 1m],

(4.2)

Where Pstatic(x) is the static payload capacity of the robot over its workspace, R(x) is its
maximum reach, GCI(x) is its Global Conditioning Index for a set of link lengths x and Ty,i

and Tz,i are the y and z translational components of the i-th link.

This problem can be converted to a multi-objective problem by converting maximum reach to
a secondary objective. This formulation will allow the visualization of the trade-off between
maximum reach and payload capacity.
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4.2.3 Problem 3 (Class 3) : Energy-Efficient Actuator Selection under Payload
Constraint

The third class comprises constrained optimization problems with fewer than ten variables,
including discrete design variables. The representative problem for this class builds on the
same pick-and-place trajectory (Task 3) introduced in Problem 1. However, the objective
here is to identify the most energy-efficient combination of actuators capable of executing
the task with a specified payload.

The goal is to minimize the total mechanical work (see Section 3.2.1) generated by the
actuators during the trajectory. A constraint is imposed to ensure that the robot can support
a 7 kg payload throughout the execution of the task.

The formal problem formulation is presented as follows:

minimize
y

W(y)

subject to Pdyn(y) ≥ 7kg

where yi ∈ {Small, Medium, Large, XLarge} ∀i ∈ {1, 2, . . . , 6},

(4.3)

Where W(y) is the mechanical work produced by the robot over the trajectory for a set of
actuators y.

This problem can be converted to a multi-objective problem by converting dynamic payload
capacity to a secondary objective allowing the understanding of the tradeoffs between energy
efficiency and payload capacity.

4.2.4 Problem 4 (Class 4) : Motor and Reducer Selection for Cycle Time Min-
imization

The fourth class encompasses unconstrained optimization problems with more than ten vari-
ables, including discrete design variables. The representative problem for this class seeks
to identify the optimal combination of motors and reducers for each joint of the robot in
order to minimize the minimum achievable cycle time (see Section 3.2.1) for completing the
pick-and-place path (Task 2).

While formally categorized as unconstrained, the problem includes an implicit feasibility
condition: any design that cannot compensate gravity-induced torques is excluded from
consideration. The selection of motors and reducers is made from a catalog comprising 27
reducers and 8 motors (see Annex C). The problem formulation is described as follows:
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minimize
y

Ct(y)

where yi ∈

{1, . . . , 8} ∀i ∈ {1, 2, . . . , 6},

{1, . . . , 27} ∀i ∈ {7, 8, . . . , 12},

(4.4)

Where Ct(y) is the minimum cycle time over the trajectory for a robot with a set of motors
and reducers y.

4.2.5 Problem 5 (Class 5) : Lightweight Dexterous Robot Design via Complete
Kinematic Optimization

The fifth class represents constrained optimization problems with more than ten continuous
variables. The problem selected to represent this class focuses on designing a lightweight
and highly dexterous robot for a position-based task (Task 1). The design objective is to
minimize the robot’s mass while ensuring full dexterity (see Section 2.2.1) at each point of
the task.

To achieve this, the full set of the robot’s ETS parameters is optimized. Analogous to
Denavit-Hartenberg (DH) parameters, the optimization is limited to the translational com-
ponents Ty, Tz and Rx components of the ETS. In order to simplify the dexterity analysis,
the Ty and Rx components of the last link are omitted. Similarly, the Ty and Rx components
of the first link components of the first link are fixed to preserve axial symmetry and avoid
radial translation of the robot’s base. The problem formulation is described as follows:

minimize
x

M(x)

subject to D(x) = 1

where x = {Ty,1, Ty,2, Tz,2, Rx,2, . . . , Ty,6, Tz,6, Rx,6, Tz,7}

Ty,i ∈ [−1m, 1m] ∀i ∈ {2, . . . , 6},

Tz,i ∈ [−1m, 1m] ∀i ∈ {1, . . . , 7},

Rx,i ∈ [−180◦, 180◦] ∀i ∈ {2, . . . , 6},

(4.5)

Where M(x) is the mass of the robot, and D(x) is the average dexterity index across all
task points for the design defined by the set of ETS parameters x.

This problem can be reformulated as a multi-objective optimization problem by treating the
average dexterity index as a secondary objective. This approach enables a clearer visualiza-
tion of the trade-off between the robot’s lightweight design and its dexterity.
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4.2.6 Problem 6 (Class 6) : Comprehensive High-Performance Manipulator

The sixth and final class represents constrained inverse design problems involving more than
ten design variables, including both continuous and discrete variables. This class accommo-
dates the full range of problem characteristics, enabling the formulation of a comprehensive
inverse design problem that simultaneously considers global and task-specific performance.

The objective is to design a lightweight robot with good global manipulability, capable of
reaching Task 1 and executing Task 3 with a specified payload. Additionally, it should
be capable of supporting a specific payload across its entire workspace. The optimization
goal is to minimize the robot’s total mass, subject to several performance constraints: full
reachability (100%, see Section 2.2.1) of both Task 1 and Task 3, a global static payload
capacity (see Section 3.2.1) greater then 1 kg, a dynamic payload capacity (see Section 3.2.1)
of at least 8 kg for Task 3, and a GCI (see Section 2.2.1) exceeding 0.07.

To solve this problem, both the link lengths and the selection of motors and reducers at each
joint are optimized. The problem is formally defined as:

minimize
x,y

M(x, y)

subject to R1,3(x) = 100%

Pstatic(x, y) ≥ 1kg

Pdyn(x, y) ≥ 7kg

GCI(x) ≥ 0.07

where x = {l1, l2, l3, l4, l5, l6, l7}

l1 = Tz,1 ∈ [0.05m, 1m],

l2 = −Tz,2 ∈ [0.05m, 1m],

l3 = −Ty,3 ∈ [0.05m, 1m],

l4 = Ty,4 ∈ [0.05m, 1m],

l5 = −Tz,5 ∈ [0.05m, 1m],

l6 = Ty,6 ∈ [0.05m, 1m],

l7 = −Tz,7 ∈ [0.05m, 1m],

yi ∈

{1, . . . , 8} ∀i ∈ {1, 2, . . . , 6},

{1, . . . , 27} ∀i ∈ {7, 8, . . . , 12},

(4.6)

Where M(x, y) denotes the robot’s mass, R1,3(x) is the reachability of tasks 1 and 3,
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Pstatic(x) is the global static payload capacity, Pdyn(x) is the dynamic payload capacity
on task 3 and GCI(x) is the Global Conditioning index of a design defined by a set of link
lengths x and motor and reducer selections y.

Similarly to the previous constrained problems, this problem can be reformulated into a
multi-objective problem by converting the dynamic payload capacity of the robot on task 3
to a secondary objective. The remaining constraints will maintain the problem constrained
in order to only analyze designs with good global payload capacity and GCI.
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4.3 Algorithm Performance Comparison

To identify the most suitable algorithm for optimizing each class of inverse design problem,
a range of optimization algorithms is applied to each problem instance.

For mono-objective problems, the algorithms evaluated include: GA, DE, CMA-ES, PSO,
Bayesian optimization, Complex algorithm, ACO, and SQP. It is important to note that SQP
is applied only to Problems 2 and 4, as it requires continuous design variables. Algorithm
performance is assessed based on two criteria: (1) the objective value of the best feasible
solution found, and (2) the number of function evaluations required to reach that solution.

For multi-objective problems, the algorithms tested include: NSGA-II, Multi-Objective Ant
Colony Optimization (MACO), Multi-Objective Evolutionary Algorithm with Decomposi-
tion (MOEAD), Non-Dominated Sorting Particle Swarm Optimization (NSPSO) and multi-
objective Bayesian optimization. Performance is measured using the hypervolume indicator,
which quantifies the size of the dominated region in the objective space bounded by a ref-
erence point. In the case of bi-objective problems, this corresponds to the union of areas
defined by rectangles extending from each Pareto-optimal point to the reference point. This
metric is particularly relevant as it captures both the convergence toward the true Pareto
front and the diversity of the solution set [132]. The chosen reference point is defined by the
worst objective values obtained across all solutions.

Since not all objectives in the multi-objective problems are formulated as minimization objec-
tives, the resulting Pareto fronts in the following sections may not conform to the conventional
bottom-left dominant shape. This visualization was chosen to preserve the interpretability
of the objective values, rather than applying a negation to the maximized objectives.

Since SQP is the only algorithm in this study that natively handles constraints, all constrained
problems are reformulated to a unconstrained formulation using the weighted penalty method
presented in Section 3.3.3 for the remaining algorithms.

To ensure a fair comparison, all algorithms are subject to the same maximum number of
function evaluations as a termination criterion. Additionally, population-based algorithms
are initialized with the same population size and number of generations. Each algorithm
is executed ten times per problem using different random seeds to account for stochastic
variability. The results for each problem are detailed in the following sections.
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4.3.1 Problem 1

As presented in Section 4.2.1, Problem 1 aims to identify the optimal set of actuators to
maximize the payload capacity of a robot over a trajectory defined by Task 3. Figure 4.4
shows box plots illustrating the distribution of the best objective values and the number of
function evaluations for each of the seven algorithms across ten independent runs.

Among the evaluated algorithms, the Bayesian optimization method, CMA-ES, and PSO
demonstrated the most consistent performance, with all independent runs converging to the
same optimized solution (Table D.1). As a result, the box plots for these algorithms appear
as horizontal lines, since there is no variation in their outcomes across runs. In terms of
efficiency, the Bayesian algorithm was the most effective, reaching the best design with an
average of only 81 function evaluations. The payload capacity of 20.4 kg of the optimized
design represents a 590% improvement over the reference design.

Although the problem’s formulation and low dimensionality may suggest simplicity, an ex-
haustive search would have required 4096 evaluations. This comparison highlights the sub-
stantial computational savings achieved through the use of these optimization algorithms.
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Figure 4.4 Box plots showing the performance of each algorithm over 10 independent runs on
Problem 1. (a) Distribution of the best objective values obtained. (b) Number of function
evaluations required to reach the best value.
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4.3.2 Problem 2

As presented in Section 4.2.2, Problem 2 is formulated to optimize link lengths of the robot
to maximize payload capacity across its entire workspace, subject to constraints on both
maximum reach and global manipulability. Figure 4.5 shows box plots illustrating the distri-
bution of the best objective values and the number of function evaluations required to reach
the best design for each of the eight algorithms over ten independent runs.

The highest feasible objective value was obtained by the SQP and CMA-ES algorithms, both
converging to a static payload capacity of 1.33 kg, the corresponding design is detailed in
Table D.2. Compared to the reference configuration, this design improves both the maximum
reach and payload capacity while maintaining the same GCI value.

In terms of algorithmic performance, SQP clearly outperforms the others, converging towards
the best design with approximately 18 times fewer function evaluations than CMA-ES. Al-
though this comparison slightly underestimates the true number of evaluations used by SQP,
as line search evaluations are not counted, it nonetheless demonstrates the algorithm’s supe-
rior efficiency.
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Figure 4.5 Box plots showing the performance of each algorithm over 10 independent runs on
Problem 2. (a) Distribution of the best objective values obtained. (b) Number of function
evaluations required to reach the best value.

The multi-objective formulation introduced in Section 4.2.2 enables the analysis of trade-offs
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between maximum reach and payload capacity. Figure 4.6 presents the distribution of Pareto
front hypervolumes across ten independent runs for each algorithm, as well as the best Pareto
front obtained by each method, based on the hypervolume criterion.

Among the evaluated algorithms, the Bayesian optimization method and MOEAD yield
the best performance. Both converge toward similar Pareto fronts characterized by well-
distributed, non-dominated solutions. In contrast, NSPSO exhibits the weakest performance,
producing designs that clustered within a narrow region and are entirely dominated by the
Pareto fronts of the other algorithms.

From a user perspective, the most relevant portion of the Pareto front lies in the region
with strictly positive payload capacities. In this region, the Pareto fronts obtained by the
best-performing algorithms reveal a clear trade-off between a maximum payload capacity of
2.55 kg and a maximum reach of 1.46 m. As a reminder, a negative global static payload
capacity means that the robot cannot resist gravitational forces in a part of its workspace,
the negative values facilitate the exploration of the design space by optimization algorithms
(see Section 3.2.1).

(a) (b)

Figure 4.6 Performance of each algorithm on the multi-objective formulation of Problem 2.
(a) Distribution of Pareto front hypervolumes across 10 independent runs. (b) Best Pareto
front achieved by each algorithm, selected based on the hypervolume criterion.
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4.3.3 Problem 3

As introduced in Section 4.2.3, Problem 3 seeks to identify the optimal actuators to mini-
mize the mechanical work required for executing Task 3, subject to a constraint on payload
capacity. Figure 4.7 presents box plots showing the distribution of the best objective values
and the number of function evaluations required to reach them, across ten independent runs
of each of the seven evaluated algorithms.

The best design, reported in Table D.3, achieves a mechanical work of 37.53 J while main-
taining a dynamic payload capacity of 8.09 kg. Compared to the reference design, this
configuration reduces energy consumption during Task 3 by 7% while supporting more than
twice the payload.

As with Problem 1, all algorithms are able to identify the best design in at least one of the
independent runs. However, Bayesian optimization, CMA-ES, ACO, and GA consistently
reach the best design in all runs. In terms of efficiency, Bayesian optimization is again
the most effective, requiring the fewest function evaluations on average, followed closely by
CMA-ES and ACO.
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Figure 4.7 Box plots showing the performance of each algorithm over 10 independent runs on
Problem 3. (a) Distribution of the best objective values obtained. (b) Number of function
evaluations required to reach the best value.

The multi-objective formulation introduced in Section 4.2.3 facilitates the exploration of
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trade-offs between energy consumption (mechanical work) and payload capacity. Figure 4.8
presents the distribution of Pareto front hypervolumes across ten independent runs for each
algorithm, along with the best Pareto front obtained by each method, selected based on the
hypervolume criterion.

Among the evaluated algorithms, the Bayesian optimization method demonstrates the best
performance, consistently producing Pareto fronts with the highest hypervolumes and the
greatest number of non-dominated solutions. Due to the low dimensionality of the prob-
lem, the total number of possible non-dominated designs is limited, making it increasingly
important for an algorithm to recover all of them. While most algorithms, except NSPSO,
identify some solutions on the true Pareto front, Bayesian optimization retrieves the largest
proportion.

This analysis also provides insight into why the payload capacity constraint in the mono-
objective formulation is not active in the optimized design. The Pareto front reveals that the
next non-dominated design with lower mechanical work corresponds to a payload capacity
of 6.25 kg, which violates the 7 kg constraint. Therefore, the mono-objective result reflects
a trade-off where the objective cannot be lowered without compromising feasibility.

(a) (b)

Figure 4.8 Performance of each algorithm on the multi-objective formulation of Problem 3.
(a) Distribution of Pareto front hypervolumes across 10 independent runs. (b) Best Pareto
front achieved by each algorithm, selected based on the hypervolume criterion.
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4.3.4 Problem 4

As outlined in Section 4.2.4, Problem 4 is formulated to identify the optimal selection of
motors and reducers at each joint in order to minimize the minimum cycle time required to
execute Task 2. Figure 4.9 presents box plots showing the distribution of the best objective
values and the number of function evaluations required to reach them across ten independent
runs for each of the seven evaluated algorithms.

The best design obtained (Table D.4) reduces the cycle time to 0.55 s, a 30% reduction over
the original design’s 0.78 s.

Due to the high dimensionality of the design space, this problem poses a greater optimization
challenge than earlier cases. The best-performing algorithms are DE and GA, both of which
successfully identified the same optimized solution. However, only DE was able to consistently
find the best design across all independent runs.

Interestingly, the three algorithms that performed best in the low-dimensional discrete case
(Problem 1), Bayesian optimization, CMA-ES, and PSO, struggled in this higher-dimensional
setting. However, while CMA-ES and PSO still converged to good designs, Bayesian opti-
mization struggled significantly, failing to produce competitive results in the majority of the
runs.
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Figure 4.9 Box plots showing the performance of each algorithm over 10 independent runs on
Problem 4. (a) Distribution of the best objective values obtained. (b) Number of function
evaluations required to reach the best value.
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4.3.5 Problem 5

As detailed in Section 4.2.5, Problem 5 seeks to identify the optimal ETS parameters of
the robot that minimize its mass while maintaining 100% dexterity at every point described
in Task 1. Figure 4.10 presents box plots illustrating the distribution of the best objective
values and the number of function evaluations required to reach them across ten independent
runs for each of the evaluated algorithms that converged towards feasible designs.

The best designs are consistently obtained with CMA-ES, which identifies feasible solutions
under 8 kg in all runs. The best design, with a mass of 7.55 kg, is reported in Table D.5. These
results represent an improvement over the reference design, achieving 100% task dexterity
compared to the reference’s average of 62%, while also reducing the overall design weight by
13%.

The SQP algorithm is excluded from Figure 4.10 as it failed to produce any feasible solutions.
This is likely due to the inherently discontinuous nature of the dexterity constraint, which
hinders the performance of gradient-based methods relying on finite difference approximations
to compute descent directions. The Complex algorithm is also omitted, as none of its runs
converged to a design that satisfied the dexterity constraint.

Furthermore, the number of function evaluations required by CMA-ES, GA, and PSO to
reach their best solutions approaches the termination threshold of 15,000 evaluations. This
suggests that these algorithms might benefit from a relaxed termination criterion, potentially
enabling further reductions in mass.
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Figure 4.10 Box plots showing the performance of each algorithm over 10 independent runs
on Problem 5. (a) Distribution of the best objective values obtained. (b) Number of function
evaluations required to reach the best value.

The multi-objective formulation introduced in Section 4.2.5 enables the exploration of trade-
offs between mass and average dexterity along the task. Figure 4.11 presents the distribution
of Pareto front hypervolumes across ten independent runs for each algorithm, along with the
best Pareto front obtained by each method, selected based on the hypervolume criterion.

The best-performing algorithm is NSGA-II, which consistently produces dominant Pareto
fronts, followed closely by MOEAD and MACO. In contrast, the Bayesian optimization
algorithm struggles to identify non-dominated solutions in the high-dimensional design space,
and NSPSO exhibits similar limitations as observed in previous problems.

It is worth highlighting that only MOEAD and NSGA-II were able to identify designs with
100% dexterity, corresponding to masses of approximately 9 kg. In comparison, the best
design obtained in the mono-objective formulation weighted 7.5 kg. This discrepancy suggests
that the Pareto fronts obtained by the algorithms have not yet converged to the true Pareto
front. However, it is expected that further convergence could be achieved by relaxing the
termination criterion.
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(a) (b)

Figure 4.11 Performance of each algorithm on the multi-objective formulation of Problem 5.
(a) Distribution of Pareto front hypervolumes across 10 independent runs. (b) Best Pareto
front achieved by each algorithm, selected based on the hypervolume criterion.

4.3.6 Problem 6

Finally, Problem 6, presented in Section 4.2.6, aims to identify the optimal combination
of link lengths, motors, and reducers to minimize the robot’s total mass. The problem is
subject to several constraints, including reachability of Task 1, global payload capacity, global
manipulability, and dynamic payload capacity on Task 3. Figure 4.12 presents box plots
illustrating the distribution of best objective values and the number of function evaluations
required to achieve them, based on ten independent runs for each of the evaluated algorithms
that converged towards feasible designs.

The best-performing algorithm is consistently the GA, which produced the lightest feasible
design with a mass of 7.6 kg, as reported in Table D.6. This design outperforms the reference
configuration with a 13% mass reduction and a 220% improvement of dynamic payload
capacity on Task 3 , while achieving equivalent global performance in terms of GCI and
global payload capacity through the enforced constraints. As with Problem 5, the Complex
algorithm is excluded from the results due to its inability to identify any feasible solutions.

Additionally, the tendency of several algorithms to find their best solution toward the end of
the allotted 15,000 evaluations suggests that, as in Problem 5, a relaxed termination criterion
may allow convergence to improved designs.
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Figure 4.12 Box plots showing the performance of each algorithm over 10 independent runs
on Problem 6. (a) Distribution of the best objective values obtained. (b) Number of function
evaluations required to reach the best value.

The multi-objective formulation introduced in Section 4.2.6 aims to highlight the trade-offs
between dynamic payload capacity on Task 3 and robot mass. Figure 4.13 presents the
distribution of Pareto front hypervolumes across ten independent runs for each algorithm,
along with the best Pareto front obtained by each method, selected based on the hypervolume
criterion.

Although the best Pareto front overall is found with NSGA-II, the distribution shows that
MOEAD and MACO perform similarly on average. The most important observation however,
is the distribution of results for all algorithms. It hints at the fact that the algorithms may
need a more relaxed termination criteria to converge closer towards the true Pareto front.
The fact that none of the best Pareto fronts present designs with masses inferior to 10 kg
like the design found with the mono-objective formulation tends to confirm this conclusion.
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(a) (b)

Figure 4.13 Performance of each algorithm on the multi-objective formulation of Problem 6.
(a) Distribution of Pareto front hypervolumes across 10 independent runs. (b) Best Pareto
front achieved by each algorithm, selected based on the hypervolume criterion.

4.3.7 General Observations

The results obtained across all six problems underscore that algorithmic performance is
strongly influenced by problem characteristics.

A first general observation is the strong performance of CMA-ES on mono-objective problems,
where it identifies the best design in 67% of cases. It consistently ranks among the top two
algorithms for low-dimensional problems (Problems 1–3) and for problems involving only
continuous variables (Problems 2 and 5), achieving the best design in 100% of these cases.
Moreover, in problems where multiple algorithms consistently converged to the best result,
CMA-ES was the second most efficient in terms of function evaluations.

While it does not outperform other methods on high-dimensional problems, it still identifies
excellent feasible solutions, only 3 to 15% off the best value of the objective function.

For low-dimensional problems involving discrete variables (Problems 1 and 3), Bayesian opti-
mization proves to be the most efficient, reaching the best design with 20–30% fewer function
evaluations compared to CMA-ES.

In contrast, for high-dimensional problems with discrete variables (Problems 4 and 6), the GA
demonstrates strong performance, consistently ranking either first (in 33% of the problems)



90

or second (in 67% of the problems).

The performance of the SQP algorithm, only evaluated on Problems 2 and 5, is also note-
worthy. On Problem 2, SQP outperforms all other algorithms by a wide margin, consistently
finding the best result alongside with CMA-ES, while requiring 18 times fewer iterations.
This highlights its effectiveness and constraint-handling capacity when the problem is con-
tinuous and smooth, conditions that are well-suited to gradient-based optimization. However,
its performance completely deteriorates on Problem 5, where the presence of an inherently
discontinuous constraint renders finite-difference gradient estimation ineffective and prevents
convergence to feasible solutions.

As for the gradient-free algorithms, no general tendency is observed in terms of performance
with constraints. The weighted penalty method seems to have allowed the algorithms to
efficiently navigate the constrained design space.

In the context of multi-objective problems, Bayesian optimization performs best for low-
dimensional formulations, consistently producing the largest hyper-volume (Problems 2 and
3), while NSGA-II demonstrates superior performance in higher-dimensional cases consis-
tently ranking first. MOEAD also generates high-quality Pareto fronts across most prob-
lems, ranking 2nd in 75% of the problems, with the exception of the low-dimensional discrete
case. Conversely, NSPSO is the weakest performer, consistently ranking last across all multi-
objective benchmarks.

A general decision tree is proposed in Figure 4.14 to assist in the selection of the suitable
algorithm depending on the problem formulation.
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Figure 4.14 Decision tree to assist in selecting a suitable algorithm for manipulator inverse
design, based on the problem formulation defined by the number of objective functions,
problem dimensionality, and the type of design variables.

To summarize this chapter, the direct design framework was first applied to analyze the
reference design in Section 4.1. Then, a set of representative inverse design problems was
formulated in Section 4.2. Finally, in Section 4.3, a selection of optimization algorithms was
evaluated on each problem to address SO-3.
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CHAPTER 5 DISCUSSION

The objective of this master’s thesis was to develop a versatile framework for the optimiza-
tion and exploration of conceptual designs for serial robot manipulators. The specific sub-
objectives guiding this work are outlined in Section 2.5. This chapter discusses the extent
to which each sub-objective has been achieved, identifies the limitations of the developed
framework, and proposes directions for future improvement and research.

5.1 Return on the Objectives

SO-1 was addressed through the development of the direct design framework, which intro-
duced a manipulator model capable of representing a wide variety of designs, along with
evaluation functions to assess their performance across a broad set of criteria.

The proposed model developed in Section 3.1 integrates kinematic, dynamic, structural, and
actuator components into a unified framework, drawing on elements from existing works
to create a robust general representation, suitable for conceptual design evaluation. The
use of the ETS kinematic representation enhances the interpretability of model parameters,
enabling engineers to efficiently parameterize novel designs. The inclusion of an optimized
inverse kinematics module allows for the possibility to guide the solver towards preferred
configurations when evaluating performance at specific poses or task points. The structural
and dynamic models offer a simplified representation of link properties, enabling rapid as-
sessment of design alternatives. Additionally, the actuator model supports a wide range of
drivetrain architectures. The inclusion of three motor limits models allows for the evaluation
of performance under both static and dynamic conditions, with a variable level of fidelity to
be adapted based on the requirements of the evaluation functions.

The performance evaluation functions implemented in Section 3.2 encompass the majority
of criteria found in the surveyed literature and commercial data sheets. The four use cases
considered enable the analysis of both global performance and task-specific performance,
whether in relation to a set of points or poses, a path, or a trajectory. In addition to incor-
porating established evaluation methods, such as TOPP-RA [126] for minimum cycle time
computation, the framework introduces a novel use of optimization techniques to globalize
local performance indices by identifying extreme configurations. As demonstrated in Sec-
tion 4.1, the evaluation process is computationally efficient, with performance assessments
completed in under two minutes.
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Building on this foundation, SO-2 was addressed in Section 3.3 through the implementation
of the inverse design framework.

This framework enables the selection and optimization of design variables, including both
kinematic parameters and actuator configurations. It supports two levels of actuator opti-
mization, either as complete actuator units or as combinations of motors and reducers. This
added flexibility allows the framework to better deal with a wide range of application-specific
requirements. In doing so, it overcomes a key limitation of existing frameworks [83,124], which
support only a restricted range of optimizable parameters.

Furthermore, the ability to formulate inverse design problems using any of the performance
evaluation functions from the direct framework enables engineers to tailor the optimization
process to a wide array of applications, using both global and task-specific criteria. This
level of versatility overcomes another major limitation discussed in Section 2.4, surpassing
the Darwin2k framework [123], which is constrained to task-specific metrics.

The results of the design optimization problems presented in Section 4.2 demonstrate the
tool’s ability to generate improved solutions for various inverse design scenarios, even when
starting from a design initially developed for well-balanced performance. A subsequent anal-
ysis of the optimized designs using the direct design module would enable engineers to bet-
ter understand the performance trade-offs implicitly made during the optimization process,
thereby helping to assess the relevance and validity of the resulting solutions.

Finally, the inclusion of a variety of optimization algorithms allows the framework to leverage
the strengths of different approaches for different problem types, addressing a third major
limitation identified in the literature.

To evaluate the effectiveness of the optimization process, SO-3 was addressed in Sections 4.2
and 4.3 through the introduction of a classification scheme for inverse design problems, the
construction of a representative set of such problems, and a comparative analysis of algorithm
performance on each case. The results demonstrate the effectiveness of the proposed frame-
work, with optimized designs outperforming the original design across all six studied prob-
lems. Additionally, the findings confirm the initial hypothesis that algorithm performance
varies depending on the nature and structure of the problem. Based on these observations,
general recommendations are proposed to assist in selecting the most appropriate algorithm
according to the identified problem class.

As this project was conducted in partnership with KINOVA Robotics, the developed frame-
work was fully implemented in Python and C++, and delivered as a proof of concept to
support engineers in responding to requests for proposal.
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5.2 Limitations and Directions for Improvement

As discussed in previous chapters, the developed framework has certain limitations in terms
of both scope and reliability.

One of the most significant constraints lies in the structural model, which currently represents
each link as a hollow cylindrical shell. While this level of abstraction may suffice for early-
stage concepts design, it limits the framework’s ability to accurately capture the dynamic
properties of more complex geometries. Replacing this simplified model with a parameterized
CAD-based representation, as proposed by Tarkian et al. [98], would enable more accurate
modeling of link geometries at the cost of computational efficiency, and could help establish
relationships between shell dimensions and physical joint limits.

Another notable limitation is the exclusive focus on revolute joints, which restricts the ex-
ploration of novel architectures that combine different joint types. Future work could extend
the framework to include prismatic joints, requiring adjustments to both the manipulator
model and performance evaluation functions.

In addition, the current actuator model is limited to electric actuators. Expanding the frame-
work to incorporate other actuator types, such as hydraulic actuators, would significantly
broaden its applicability, particularly for large-scale robotic systems.

Another limitation lies in the absence of structural integrity considerations within the im-
plemented evaluation criteria. The framework currently depends on the engineer’s expertise
to select appropriate shell parameters that minimize deflection and avoid material failure.
Future work could address this by incorporating methods such as the lumped parameter
approach [113] or finite element analysis [109], enabling the evaluation of stress and deflec-
tion in the shell components. These analyses could then be integrated as constraints within
inverse design problem formulations. Additionally, the inclusion of obstacle avoidance in the
reachability and path planning functions would significantly enhance the framework, allowing
for the modeling of more complex and realistic task environments.

Lastly, the recommendations for algorithm selection should be interpreted with caution, as the
generalizability of results to other problems in the same class was not assessed. To establish
more reliable guidelines, a broader set of test problems should be analyzed to validate the
suitability of the proposed classification and to determine whether the observed performance
trends extend to other problems within each class. Furthermore, a key limitation of the
algorithm comparison methodology is the manual tuning of algorithm hyper-parameters. A
more rigorous study on hyper-parameter optimization would allow for a fairer comparison
between algorithms by ensuring that each operates under appropriately tuned settings.
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CHAPTER 6 CONCLUSION

The work of this thesis has led to the development of a versatile tool to support the conceptual
design of serial manipulator, through the creation of a framework including both direct and
inverse design approaches.

The proposed framework addresses several key limitations in the existing literature by estab-
lishing a generalizable manipulator model that incorporates key considerations from various
disciplines. It evaluates manipulator performance across a broad range of applications, lever-
aging both established metrics and novel evaluation techniques to ensure comprehensive
and efficient assessment, with the evaluation of all included criteria on the reference Kinova
GEN-3 manipulator model all requiring less than 2 minutes. The inverse design methodol-
ogy supports the optimization of an extensive set of design parameters, encompassing both
kinematic and actuation parameters. Furthermore, the framework provides guidelines for
algorithm selection tailored to different classes of design problems, capitalizing on specific
algorithmic strengths.

Specifically, the excellent performance of the CMA-ES algorithm on mono-objective prob-
lems is highlighted, as it achieves the best result in 67% of the studied problems. Bayesian
optimization also demonstrates strong efficiency in low-dimensional problems with discrete
variables, requiring 20-30% fewer function evaluations than CMA-ES to reach the best solu-
tion. Additionally, Bayesian optimization ranks first among the compared algorithms for low-
dimensional multi-objective problems, whereas NSGA-II outperforms the others in higher-
dimensional settings.

Results demonstrate the framework’s capacity to consistently generate high-performing de-
sign solutions, surpassing the reference design across all tested scenarios. It also enables
effective trade-off analysis, offering insight into the compromises inherent in multi-objective
robotic design. The implementation of the framework in Python for use by the project’s
industrial partner offers a tangible tool to streamline the early stages of manipulator design
and support the exploration of innovative concepts.

Nonetheless, several limitations were identified. These include constraints in the model’s
representational fidelity, particularly regarding shell modeling, the omission of structural
integrity considerations, and the limited generalizability of the current algorithm selection
guidelines.

Given the broad scope of the framework, multiple avenues for future research and develop-
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ment are apparent. From a modeling standpoint, integration with engineering software such
as CAD tools or finite element analysis platforms could enhance the accuracy of performance
estimations. The model could also be expanded to incorporate a wider variety of design
parameters, joint types, and actuator models. Additionally, further work is warranted to
broaden and generalize the performance criteria through the development of additional eval-
uation functions applicable to any combination of design parameters. The robustness of the
algorithm selection guidelines could be improved through larger-scale studies that examine a
diverse set of design challenges and optimize the hyper-parameters of competing algorithms.
Finally, validation of the framework’s performance estimations could be achieved by pro-
totyping an optimized design and experimentally comparing its actual performance to the
estimated results.

In conclusion, this research contributes to the growing body of work in manipulator opti-
mization by introducing a comprehensive framework capable of addressing a wide range of
design challenges. It provides a foundation for future developments in the field and offers a
practical tool for both academic research and industrial application.
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APPENDIX A PARAMETRIZATION OF THE MODEL OF A KINOVA GEN-3 MANIPULATOR

Table A.1 Complete robot model parametrization for the Kinova GEN-3 arm1

link joint ETS: from proximal end to distal end limits actuator tshell Dshell

Base link 1 ETS(0.00, 0.00, 0.16;−180◦, 0◦, 0◦) ⊕ Rz(q1) −∞; +∞ Medium 6mm 90mm

Shoulder link 2 ETS(0.00, 0.00,−0.13; 90◦ , 0◦, 0◦) ⊕ Rz(q2) −128◦; 128◦ Medium 6mm 90mm

Bicep link 3 ETS(0.00,−0.41, 0.00;−180◦, 0◦, 0◦) ⊕ Rz(q3) −147◦; 147◦ Medium 6mm 90mm

Forearm link 4 ETS(0.00, 0.21, 0.00; 90◦ , 0◦, 0◦) ⊕ Rz(q4) −∞;∞ Small 5mm 80mm

Wrist link 1 5 ETS(0.00, 0.00,−0.11;−90◦ , 0◦, 0◦) ⊕ Rz(q5) −120◦; 120◦ Small 4mm 70mm

Wrist link 2 6 ETS(0.00, 0.11, 0.00; 90◦ , 0◦, 0◦) ⊕ Rz(q6) −∞;∞ Small 4mm 70mm

Wrist link 3 - ETS(0.00, 0.00,−0.06; 0◦ , 0◦, 0◦) - - 3mm 70mm

1All parameters except from shell thickness and diameters are extracted from the official URDF file.

https://github.com/Kinovarobotics/ros_kortex/blob/noetic-devel/kortex_description/arms/gen3/6dof/urdf/GEN3-6DOF_NO-VISION_URDF_ARM_V01.urdf
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APPENDIX B EXAMPLE ACTUATOR CATALOG

Table B.1 Example actuator catalog with corresponding model parameter

Component Parameter Small Medium Large XLarge

Motor
Mass (kg) 0.076 0.135 0.162 0.356
Inertia (×10−6 kg·m2) 5.6 9.3 23.2 62.1
Critical Speed (rad/s) 471 262 241 220
Max Speed (rad/s) 1340 790 746 589
Nominal Torque (Nm) 0.30 0.53 0.62 1.39
Max Peak Torque (Nm) 1.03 1.72 2.01 4.43

Reducer
Mass (kg) 0.11 0.18 0.31 0.48
Inertia (×10−6 kg·m2) 3.3 7.9 19.3 41.3
Gear Ratio 100 100 100 120
Efficiency 0.7 0.7 0.7 0.7
Max Peak Torque (Nm) 36 70 107 217
Max Input Speed (rad/s) 890 764 681 586
Torsional Stiffness (×104 Nm/rad) 0.47 1.00 1.60 3.10

Assembly
Total Mass (kg) 0.69 1.11 1.55 2.90
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APPENDIX C EXAMPLE MOTOR AND REDUCER CATALOGS

Table C.1 Example motor catalog with corresponding model parameters.

Motor # Mass
(kg)

Inertia
(×10−6 kg·m2)

Critical Speed
(rad/s)

Max Speed
(rad/s)

Nominal Torque
(Nm)

Peak Torque
(Nm)

1 0.076 5.6 471 1344 0.30 1.03
2 0.135 9.3 262 790 0.53 1.72
3 0.162 23.2 241 746 0.62 2.01
4 0.292 32.7 131 417 1.22 3.92
5 0.356 62.1 220 589 1.39 4.43
6 0.630 108.0 115 336 2.56 8.31
7 0.712 128.6 99 307 2.87 9.20
8 0.822 148.0 84 269 3.30 10.64
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Table C.2 Example reducer catalog with corresponding model parameters

Reducer # Mass
(kg)

Inertia
(×10−6 kg·m2)

Gear Ratio
(-)

Efficiency
(-)

Peak Torque
(Nm)

Max Input
Speed (rad/s)

Torsional Stiffness
(×104 Nm/rad)

1 0.11 3.3 50 0.7 23 890 0.34
2 0.11 3.3 80 0.7 30 890 0.47
3 0.11 3.3 100 0.7 36 890 0.47
4 0.18 7.9 50 0.7 44 764 0.81
5 0.18 7.9 80 0.7 56 764 1.00
6 0.18 7.9 100 0.7 70 764 1.00
7 0.18 7.9 120 0.7 70 764 1.00
8 0.31 19.3 50 0.7 73 681 1.30
9 0.31 19.3 80 0.7 96 681 1.60
10 0.31 19.3 100 0.7 107 681 1.60
11 0.31 19.3 120 0.7 113 681 1.60
12 0.31 19.3 160 0.7 120 681 1.60
13 0.48 41.3 50 0.7 127 586 2.50
14 0.48 41.3 80 0.7 178 586 3.10
15 0.48 41.3 100 0.7 204 586 3.10
16 0.48 41.3 120 0.7 217 586 3.10
17 0.48 41.3 160 0.7 229 586 3.10
18 0.97 169.0 50 0.7 281 503 5.20
19 0.97 169.0 80 0.7 395 503 6.70
20 0.97 169.0 100 0.7 433 503 6.70
21 0.97 169.0 120 0.7 459 503 6.70
22 0.97 169.0 160 0.7 484 503 6.70
23 1.87 450.0 50 0.7 523 419 10
24 1.87 450.0 80 0.7 675 419 13
25 1.87 450.0 100 0.7 738 419 13
26 1.87 450.0 120 0.7 802 419 13
27 1.87 450.0 160 0.7 841 419 13
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APPENDIX D OPTIMIZED DESIGNS FOR INVERSE DESIGN
PROBLEMS

Table D.1 Optimized design variables and objective value for Problem 1

DP or Function Value

Actuator 1 XLarge/Large
Actuator 2 XLarge
Actuator 3 Medium
Actuators 4-6 Small

Dynamic Payload Capacity 20.40 kg

Table D.2 Optimized design variables and objective and constraint values for Problem 2

DP or Function Value

Ty,3 -0.313 m
Ty,4 0.050 m
Tz,5 -0.363 m
Ty,6 0.050 m
Tz,7 -0.224 m

Maximum Static Payload Capacity 1.33 kg
Maximum Reach 1.00 m
GCI 0.063
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Table D.3 Optimized design variables and objective and constraint values for Problem 3

DP or Function Value

Actuator 1 Medium
Actuator 2 Large
Actuators 3-6 Small

Mechanical Work 37.53 J
Dynamic Payload Capacity 8.09 kg

Table D.4 Optimized design variables and objective value for Problem 4

DP or Function Value

Joint 1-2 Motor Motor 5
Joint 3-6 Motor Motor 1
Joint 1 Reducer Reducer 18
Joint 2 Reducer Reducer 23
Joint 3 Reducer Reducer 6
Joint 4 Reducer Reducer 2
Joint 5 Reducer Reducer 3
Joint 6 Reducer Reducer 1

Min. Cycle Time 0.547 s
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Table D.5 Optimized design variables and objective and constraint values for Problem 5

DP or Function Value

Tz,1 0.000 m
Ty,2 0.065 m
Tz,2 -0.046 m
Rx,2 48.7◦

Ty,3 0.009 m
Tz,3 -0.075 m
Rx,3 46.8◦

Ty,4 0.181 m
Tz,4 -0.184 m
Rx,4 125.8◦

Ty,5 -0.554 m
Tz,5 -0.114 m
Rx,5 19.7◦

Ty,6 0.001 m
Tz,6 0.061 m
Rx,6 94.5◦

Tz,7 0.000 m

Robot Mass 7.55 kg
Average Dexterity 100%
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Table D.6 Optimized design variables and objective and constraint values for Problem 6

DP or Function Value

Joint 1-6 Motor Motor 1
Joint 1 Reducer Reducer 7
Joint 2 Reducer Reducer 12
Joint 3 Reducer Reducer 3
Joint 4-6 Reducer Reducer 2
Tz,1 0.051 m
Tz,2 -0.082 m
Ty,3 -0.388 m
Ty,4 0.088 m
Tz,5 -0.283 m
Ty,6 0.064 m
Tz,7 -0.078 m

Robot Mass 7.61 kg
Task 1 Reachability 100%
Task 3 Dynamic Payload Capacity 7.59 kg
GCI 0.07
Global Static Payload Capacity 1.1 kg
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