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Abstract

In the last decades, industrial automation has seen an increasing employment of ad-
vanced robotic systems, such as mobile manipulators, to improve the efficiency, precision
and safety of production processes. However, one of the most significant challenges for an
effective usage of mobile manipulators lies in the optimal placement of their base, which
is crucial in order to ensure high performance in terms of manipulability and execution
time. This thesis proposes a pre-deployment optimization strategy for a robotic work-
station equipped with a six-degrees-of-freedom manipulator mounted on a linear guide,
used for packing operations of objects belonging to different categories. The output of
the algorithm will serve as input for the real system, optimizing its performance from the
start. The goal is to define an optimal sequence of pick-and-place operations, balancing
manipulability and cycle time. Using the Particle Swarm Optimization (PSO) algorithm,
the optimal base position associated to each operation is determined based on the mean
manipulability measure during the execution. Additionally, by integrating the heuristic
Best Fit algorithm, the placement of objects in boxes is optimized with the aim of min-
imizing unused space, while accounting for different categories. The application of the
algorithm to an industrial use case, performed making use of the Tecnomatix Process
Simulate environment, demonstrated that the PSO configuration with 20 particles and
20 iterations led to a 12.18% improvement in terms of manipulability compared to a fixed
base strategy, with a 6.37% increase in cycle time, justified by the gain in reliability.
This approach thus proves to be effective for real industrial contexts, optimizing space,
resources and robotic performance.

Keywords: black box optimization; packing; linear guide; Particle Swarm Optimiza-
tion (PSO); pre-deployment.
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Abstract in lingua italiana

Negli ultimi decenni l’automazione industriale ha visto un crescente impiego di sistemi
robotici avanzati, come i manipolatori mobili, utilizzati per migliorare efficienza, preci-
sione e sicurezza dei processi produttivi. Tuttavia, una delle più grandi criticità per un
efficiente utilizzo dei manipolatori mobili riguarda il posizionamento ottimale della base,
cruciale per garantire prestazioni elevate in termini di manipolabilità e tempi di esecuzione.
Questa tesi propone un’ottimizzazione preliminare (pre-deployment) per una stazione
robotica dotata di un manipolatore a sei gradi di libertà su guida lineare, impiegata per op-
erazioni di imballaggio di oggetti appartenenti a diverse categorie. L’output dell’algoritmo
verrà pertanto utilizzato come input per il sistema reale, ottimizzandone le prestazioni sin
dall’avvio. L’obiettivo è definire una sequenza ottimale di operazioni di pick-and-place,
bilanciando manipolabilità e tempo di ciclo. Mediante l’utilizzo dell’algoritmo Particle
Swarm Optimization (PSO), viene determinata per ciacuna operazione il posizionam-
nto ottimale della base in termini di manipolabilità media durante l’esecuzione. Inoltre,
tramite l’integrazione dell’algoritmo euristico Best Fit viene ottimizzato il posizionamento
degli oggetti nelle scatole, minimizzando lo spazio inutilizzato e tenendo conto delle diverse
categorie. L’applicazione dell’algoritmo ad un caso d’uso in ambito industriale, facendo
uso dell’ambiente di simulazione di Tecnomatix Process Simulate, ha dimostrato come la
configurazione con 20 particelle e 20 iterazioni del PSO possa portare ad un miglioramento
del 12,18% nella manipolabilità rispetto ad una strategia a base fissa, con un incremento
del 6,37% nel tempo ciclo, giustificato dai vantaggi in termini di affidabilità. L’approccio
pertanto si conferma efficace per contesti industriali reali, ottimizzando spazio, risorse e
prestazioni robotiche.

Parole chiave: ottimizzazione black box; imballaggio; guida lineare; Particle Swarm
Optimization (PSO); pre-deployment.
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1

1| Introduction

The increasing growth of the industrial sector and the advent of Industry 4.0 have led
to a wide utilization of robotic systems, now considered a fundamental tool in modern
production environments. Among them, robotic manipulators play a significant role in
the automation of repetitive and precision-related tasks, improving both productivity
and efficiency. One of the most common applications of robotic manipulators are pick-
and-place operations, which consist of object transferring between different locations in
a workspace. Pick-and-place operations find extensive use in a variety of fields, ranging
from logistics to assembly lines.

Traditional fixed base manipulators are characterized by limited workspaces, making their
use in dynamic environments challenging. To counteract this limitation, mobile manipu-
lators, consisting in robotic arms mounted on a movable base, have become an effective
solution. By combining the movement of the base with the ability of the arm of interacting
with the environment, mobile manipulators are able to execute tasks in large workspaces
with precision. For this reason, they are widely used in a multitude of applications, such
as warehouses logistics, assembly lines and collaborative robotics.

1.1. Optimization of robotized work cells

While mobile manipulators offer the previously mentioned advantages, one of the most
critical challenges is determining the optimal placement of the base. As a matter of fact,
the position of the mobile platform directly affects he performance of the robot, particu-
larly its manipulability, which is a measure of the manipulator’s distance from singularity
configurations. Improper base placement can result in inefficient operations, excessive
joint torques, or even task failure. For this reason, developing a good base placement
strategy is crucial for maximizing the performance of mobile manipulators.
Several approaches have been proposed to optimize the base placement, depending on the
specific application and constraints of the system. Many researches base the optimization
on reachability constraints, ensuring that the manipulator can access all required posi-
tions. Some studies have formulated strategies with the aim of minimizing cycle time, oth-
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ers consider collision avoidance, energy efficiency or manipulability maximization. Each
of these approaches contributes to the definition of different optimization goals.

However, an under-explored area within this context involves manipulators whose bases
move along linear guides. Due to this limitation, these systems require a specific opti-
mization approach to account for their restricted mobility.

1.2. Thesis purpose and achievements

This work concerns the base placement problem of a six-degrees-of-freedom manipulator
mounted over a linear guide used for packing, which can be seen as a series of pick-and-
place operations (Figure 1.1).

Figure 1.1: 3D representation of the manipulator mounted over the linear guide, employed
for packing.

The proposed methodology is performed as a pre-deployment procedure, centered on
optimizing in advance the sequence of pick-and-place operations and the corresponding
manipulator base positions, before the actual deployment of the manipulator takes place.
The goal is to find a sequence of base positions such that the manipulator’s average
manipulability is maximized during each operation, while also considering the cycle time.
The task that the manipulator has to accomplish is to pick objects of different types from
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a pallet, positioned along the linear guide, and to place them inside their prescribed boxes,
whose position is known. A number of sub-problems have to be addressed in order to
accomplish this goal, the three most relevant can be summarized as follows:

• firstly, it is necessary to know the precise position where each picked object has to
be placed inside the box, taking into account the constraints related to the types.
As a matter of fact, each object inside the pallet belongs to a type and needs to be
packed accordingly;

• the second problem is to find, for each pick-and-place operation, the best placement
of the robot along the guide in terms of manipulability.

• finally, the order of base positions has to be established in a way that takes into
account both manipulability and cycle time; consequently, the sequence according
to which the objects are packed is defined.

This thesis tackles the aforementioned problems by proposing a systematic approach that
combines three key methodologies:

1. modified Best Fit algorithm: computation of the best positioning of the ob-
jects inside the containers. This information is necessary for the subsequent base
placement optimization;

2. Particle Swarm Optimization (PSO): PSO was successfully employed to find,
for each operation, the base position along the linear guide that maximizes the mean
kinematic manipulability of the manipulator;

3. sequencing: a hierarchical approach was implemented to determine the best se-
quence of pick-and-place operations. Through the definition of a cost function that
takes into account both manipulability and transition time, the method guarantees
effective task execution while ensuring singularity avoidance.

From the information regarding objects and bins in the scene, specifically their initial
positions and belonging type, a modified version of the Best Fit algorithm ([5]) is applied.
The output is the set of placement positions of the objects inside their prescribed bins that
minimizes the unused volume of each container. These positions are seen as imaginary
objects, called place side objects, differentiated from the pick side objects, which are the
ones initially placed inside the pallet. The goal of the sequencing algorithm is to find an
association between each place side object and pick side object.
The algorithm, as anticipated, is able to deal with multiple types of objects, guaranteeing
that they are packed accordingly. This is implemented by considering one type of object
each time:
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1. firstly the type is selected;

2. if there are multiple bins available for that type, a bin is selected;

3. for each place side object in the selected bin, the associated pick side object is found.

Once all the objects in the selected bin have been considered, the algorithm moves to the
next bin, of the same type, and repeats the procedure until all bins of that type have been
packed. After completing the placement of all the objects of a given type, the algorithm
proceeds to the next object type and follows the same approach. This iterative process
continues until all objects, across all types, have been successfully packed.

At the end of its execution, the algorithm will give as an output the precise sequence of
pick-and-place operations that the robot has to perform in order to pack all the items
in the pallet inside their prescribed boxes. Moreover, associated to each operation, the
optimal position in terms of manipulability where to place the manipulator’s base is
obtained though the implementation of the PSO ([21], [37]).

The proposed methodology is ultimately applied to the packing problem of six objects,
divided into two different categories, which must be arranged within two bins. The ma-
nipulator employed is a GoFa CRB 15000, which is a six degrees of freedom manipulator,
equipped with a suction cup. The robot is mounted on a 3-meters-long linear guide, posi-
tioned over a table, where both the pallet and the boxes are placed. In order to evaluate
the fitness associated to each PSO’s particle, the Tecnomatix Process Simulate software,
developed by Siemes, has been employed.
Three different runs of the algorithm have been tested, with varying PSO parameters,
resulting in similar outcomes. However, the configuration with a swarm size of 20 and 20
iterations demonstrated the best balance between convergence speed and solution quality.
The obtained solution is finally validated through a comparison with a fixed base strategy,
demonstrating 12.18% improvement in manipulability at the cost of a 6.37% increase in
cycle time.

Summarizing, the main achievements of this work are the following:

1. optimized object placement: through the implementation of the Best Fit al-
gorithm, the method guarantees that the objects will be packed inside their corre-
sponding bins in a way that minimizes the unused volume of the container;

2. optimized base placement: through the application of the PSO, for each opera-
tion the best base placement along the guide is found such that the mean manipu-
lability of the manipulator is maximized;
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3. efficient sequencing strategy: the proposed algorithm efficiently associates pick
side and place side objects, optimizing the sequence of operations while balancing
manipulability and transition time;

4. multiple objects’ types handling: the method is capable of handling multiple
objects, belonging to different types and to pack them accordingly.

1.3. Thesis structure

The thesis is articulated into 8 Chapters, each one focusing on a key aspect of the devel-
opment:

• in the first Chapter, the introduction, preliminary information about the problem
addressed and an overview of the methodology and its purposes is given;

• Chapter 2 offers an overview about mobile manipulators, base placement techniques
and Particle Swarm Optimization. Finally, the main contributions of the proposed
methodology are listed;

• Chapter 3 formalizes an heuristic algorithm that is capable of determining the best
placement of multiple objects inside their corresponding boxes accounting for their
type;

• Chapter 4 presents the PSO algorithm as the resolution method to determine the
optimal base positions along the guide for each pick-and-place operation;

• in Chapter 5 the sequencing strategy is explained in detail;

• Chapter 6 deals with the communication architecture between the Python code,
where the algorithm is implemented, and the Tecnomatix Process Simulate software,
needed to retrieve the manipulability measure;

• in Chapter 7 an industrially relevant application of the algorithm is presented, along
with the results achieved;

• finally, in Chapter 8 the conclusions and the possible future developments are pro-
posed.
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2.1. Mobile manipulators

A mobile manipulator is a system that integrates a mobile base with a robot, combining
the movement of the former together with the possibility of the latter to interact and ma-
nipulate objects. Nassal et al. (1994) [30] distinguishes three possible types of cooperation
between a robot’s base and its arm: loose cooperation, complete cooperation and trans-
parent cooperation. In the first case, the mobile platform on which the robot is mounted
is seen as an independent system from the manipulator and works as a transport, used to
increase the robot’s workspace. This type of cooperation is widely used when the robot
needs to move between different assembly stations or to handle an object more efficiently.
The second type of cooperation involves cases where the manipulator and its mobile base
are seen as a single integrated system. In this situation, the platform and the robot move
together to properly position the TCP (Tool Center Point). There are many examples of
this approach in the literature, such as the study conducted by Tan et al. (2002) [41],
which proposes an integrated control system with the aim of managing the movement of a
cart. Kumar et al. (2023) [23] also successfully implemented motion planning and control
schemes for a linear manipulator mounted on a guide.
Finally, with transparent cooperation, the authors refer to a combination of the previous
two cases. The movement of the platform is decoupled from the movement of the ma-
nipulator, ensuring that the manipulator’s operation is not influenced by the movements
of the base. The platform’s control is implemented to allow the manipulator to perform
its task while optimizing the robot’s configuration based on a task specific cost function.
In this regard, the authors themselves [30] propose a possible scheme for this type of
cooperation.

Mobile manipulators for their flexibility, precision, and ability to adapt to dynamic scenar-
ios, represent a precious resource that has been used in a variety of fields, with applications
from logistics ([9], [49], [13]) to hazardous environments ([43], [33]).
In the field of pick-and-place operations, mobile manipulators prove to be particularly
useful. The study proposed by Berntorp et al. (2012) [3] combines an omni-directional
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mobile robot together with a kinematically redundant manipulator in order to be able
to perform pick-and-place operations with the aim of refilling the shelves of a grocery
store. The movement of the mobile robot has been estimated with an extended Kalman
filter though the usage of a variety of sensors (IMU, encoder, camera) and, in order to
construct a framework for coordinated movements, the constraint-based task specification
methodology is exploited.
Iriondo et al. (2019) [18] presents a deep reinforcement learning control strategy on a
mobile manipulator for robotic operations in logistics. The proposed approach aims to
develop a low-level controller for the robot’s base, which learns from the feedback of the
arm’s path planner. This allows the base to place itself in a position that enables the arm
to plan and execute a trajectory to reach and pick up the object on the table.
In conclusion, mobile manipulators represent a highly versatile and efficient resource for
a large variety of applications, thanks to the combination of mobility with precise object
manipulation.

2.2. Optimal base placement of robotic manipulators

The proper placement of the base is one of the main challenges that needs to be addressed
while dealing with manipulators. As a matter of fact, optimizing the working position
allows the robot’s performance capabilities to be fully utilized. The goal of the optimiza-
tion can vary a lot, depending on the application and requirements. Usually reachability
is the basic criterion of base placement optimization and sometimes even the only one,
like in the studies proposed by Seraji et al. (1995) [36] and Yang et al. (2009) [51]. To
achieve higher production efficiency, often cycle time minimization is considered. Kam-
rani et al. (2009) [20] through the usage of the response surface method, combined with
path rotation and path translation techniques, developed a method that minimizes this
KPI. Another example of base placement optimization problem with the same scope has
been proposed by Spensieri et al. (2016) [40], where collision avoidance and robot inverse
kinematics are integrated with a derivative-free optimization algorithm.
Fan et al (2021) [7] proposes a new base position optimization method that takes into ac-
count both kinematics and stiffness performance. This is done defining a task-oriented per-
forming index, the mean stiffness performance index, and solving the optimization model
by sparse uniform grid decomposition and Sequential Quadratic Programming method.
Xu et al. (2020) [48], making use of a precomputed reachability database, proposes a res-
olution complete method that exploring collision free inverse kinematics solutions, is able
to determine a resolution complete set of feasible base positions. The aim is to reduce as
much as possible the number of base movements required to make the manipulator able
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to take the target objects and it guarantees also a certain robustness under unpredicted
deviations from the desired base position. Similarly, Harada et al. (2015) [14] planned a
sequence of base positions for a dual-arm mobile manipulator, performing pick-and-place
tasks, considering the objective of minimizing the travel distance of the base. Firstly they
formulated a quadratic programming problem to solve the inverse kinematic problem,
considering collisions. After the region on the base position to pick an object up has
been computed, through the sequential resolution of BB (Branch and Bound) and SA
(Simulated Annealing) methods a sequence of base position was obtained.
Several other objectives can be considered in the formulation of the optimization problem,
like energy minimization ([11]), shortest path ([17]), manipulability, singulatiry avoidance
([28]) or collision avoidance ([4]).
Vosniakos et al. (2010) [44] addresses the problem of maximizing the manipulability of
the robot performing a milling operation though the usage of a genetic algorithm. The
problem is defined as finding the best position of the end effector in terms of both mean
kinematic manipulability and dynamic manipulability. The authors formalized also a sec-
ond base placement problem, always solved through a genetic algorithm, that aims to
minimize the joint torque loads.
Focusing on the manipulability optimization problem, it is made a differentiation be-
tween Yoshikawa’s manipulability measure and the one proposed by Asada. The first
one is based only on kinematic data and is a measure of the “distance” of the considered
configuration from singularities. It is defined as it follows:

w(q) =
√

det(J(q)JT (q))

where J is the Jacobian matrix of the manipulator and q is the vector of joint variables.

Considering non-redundant manipulators, the Jacobian matrix results to be square and
therefore the manipulability can be computed as:

w(q) = |det(J(q))|

By definition, this value results to be always non-negative and equal to zero in a singularity
configuration. Such configurations result in excessive joints velocities and torques and
are characterized by an infinite number of solutions to the inverse kinematic problem,
consequently they must be avoided.

On the other hand, Asada’s manipulability measure is based on the examination of the
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eigenvalues of the Cartesian mass matrix:

Bx(x) = J−T (q)B(q)J−1(q)

and is a measure of the capability of the manipulator to accelerate along the various
Cartesian directions. The inertia ellipsoid is a graphical representation of this measure
and is defined as:

xTBx(x)x = 1

which describes a n-dimensional ellipsoid, where n is the dimension of the manipulator’s
Cartesian space. The scalar manipulability measure proposed in the work is given by the
ratio between the smaller and the largest ellipsoid axes and is represented by n.

The optimization problem in [44] has been solved using a genetic algorithm, which is an
optimization technique inspired by the principles of natural selection and genetics. The
objective is to maximize both of the manipulability measures by defining a cost function
which is a combination of the two:

f = −w − 2n (2.1)

where the dynamic manipulability has twice the weight of the kinematic one, due to the
significance of milling forces and their variation.

Each chromosome represents a possible initial configuration of the robot, defined by the
Cartesian coordinates of its end effector with reference to the Cartesian coordinate system
of the first joint (the base) and codified as real numbers. The initial population consists
in N=100 chromosomes randomly generated inside the robot’s workspace limits. For each
chromosome, the fitness is computed according to 2.1. In order to compute the fitness,
the trajectory of the end effector has been computed and sampled at 50 points, where the
objective function is evaluated.

The study successfully employs the genetic algorithm to solve the required objective, but
the computational time required is very high due to the complexity of the algorithm. The
method presented in [44] focuses mostly on the dynamic manipulability measure, being
more relevant than the kinematic in the specific task considered. For the aim of this work,
the kinematic manipulability results to be sufficient for the scope, not requiring the need
of other metrics. Other differences with this work are underlined in Table 2.1.
Also Tian et al. (2005) [42] solves the problem of finding the optimal base position for a
manipulator, relying again on a genetic algorithm. The robot considered is a two-degrees-
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of-freedom-robot. The study makes use of the measure of kinematic manipulability:

w(q) =
√
det(J(q)JT (q))

and considers it as a constraint, forced to be above a certain value. For the optimal
placement of the robot base, the metric considered is the total movement of the joints.

Find the best position of Algorithm Manipulability as a Mobile Robot

Vosniakos
et al. [44]

End effector GA Metric No

Tian et al.
[42]

Base of the manipulator GA Constraint No

This work Base of the manipulator PSO Metric Yes

Table 2.1: Comparison of the works of Vosniakos et al. [44], Tian et al. [42] and the one
presented in this document.

While various methods have been explored for optimizing the mobile manipulator’s base
placement, the goal of maximizing manipulability of a manipulator whose base moves
over a linear guide remains an under-explored area in the existing literature. This work
has the aim of filling that gap by proposing an algorithm that computes the sequence
of best base position for each pick-and-place task. The goal is not only to maximize the
manipulability of the arm during each operation, but also take into account the cycle time
in the choice of each base position.

2.3. Optimization strategies

Complex optimization problems are often solved through the application of nature-inspired
algorithms, namely: Ant Colony Optimization, Bees Algorithm, Genetic Algorithm, Fire-
fly Algorithm and Particle Swarm Optimization Algorithm. Zang et al.(2010) [52] offers
an overview of these algorithms, that will be briefly explained in the following.

The Ant Colony Optimization algorithm is inspired by the behavior of the ants when they
are searching for food. While moving, ants leave a pheromone trail, so that other ants
are driven to follow the paths with higher pheromones concentration. This way, they are
able to identify the most efficient path.

The Bees Algorithm mimics the behavior of honeybees. Bees are responsible for foraging
in large areas for food sources, communicating with others with the “waggle dance” to
recruit more bees when a rich food source is found, while other bees continue to search
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for new areas. This balance between local exploitation and global exploration pays off in
yielding an optimal solution.

Genetic Algorithm simulates the process of natural selection in evolution. It takes in-
spiration from Darwin’s theory, using concepts like selection, crossover, and mutation to
make chromosomes evolve over generations and find better solutions.

Firefly algorithm is inspired by the flashing light emitted by the fireflies to attract mates or
preys. Fireflies tend to move by attraction towards the brighter ones, while the brightest
firefly is not attracted to any other and moves randomly. The more a firefly is bright, the
more it is attractive, with attractiveness being reverse proportional to the distance.

PSO, introduced in 1995 by Kennedy and Eberhart [21], is an evolutionary optimization
algorithm inspired by the social behavior of flocks of birds and schools of fish. In this
approach, a set of particles and their position are defined, evaluated according to a specific
optimization function and updated at each iteration according to their velocity. These
particles are able to explore the solution space by adjusting their position according to
their own past experience (cognitive term) and to the experience of the swarm (social
term). The balance between searching new regions and exploiting existing solutions makes
PSO very powerful in solving complex optimization problems. The main steps of this
algorithm are:

1. particles are randomly spread in the space;

2. each particle position is evaluated according to an objective function;

3. particle positions are updated combining a social term (global best position), a
cognitive term (best position of the particle) and an inertia term;

4. Steps 2 and 3 are repeated until the maximum number of iterations is reached.

With respect to most of the techniques presented above, the PSO results to have several
advantages ([19] and [45]), more specifically:

• it does not require the optimized functions to be differential and continuous;

• it is very robust and can be applied in a large variety of applications;

• converges quickly to the optimum;

• is easy to hybridize with other algorithms if needed;

• has a small number of parameters to be tuned;

• its behavior is simple and highly interpretable.
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A more detailed scheme of the most relevant advantages of the PSO with respect to the
above said algorithms is explained in Table 2.2.

Algorithm
Computational
Efficiency

Number of
Parameters

Ease of
Implemen-

tation

Tendency to Get
Stuck in Local

Minima

ACO Moderate

High (6–8):
pheromone

decay (ρ), ant
count, α, β, Q,

τ0, etc.

Complex High

BA
Low to

moderate

High ( 7): scout
bees, recruited

bees,
neighborhood

size, etc.

Moderate Moderate to High

GA Moderate

Moderate (5–6):
population size,

crossover/
mutation rates,

selection
criteria.

Moderate High

FA Moderate

High ( 6–7):
brightness,
distance,

attractiveness,
decay rate,

population size,
etc.

Moderate Moderate

PSO High
Low (3–5): w,
c1, c2, and

population size.
Simple Moderate

Table 2.2: Comparison of PSO, ACO, BA, GA, and FA based on computational efficiency,
number of parameters, ease of implementation, and tendency to get stuck in local minima.

In some cases it also shows best results in terms of convergence with respect to other
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scemes like GA for example, as it is shown by Lim et al. (2016) [24]. For these reasons,
compared to the other algorithms, it results to be the most suitable for the problem
addressed by this work.

As said, PSO is characterized by the advantage of being adaptable to a large variety of
cases. Zhang et al. (2015) [55] and Gad et al. (2022) [10] discussed a wide range of PSO
variations and applications underlining the versatility and effectiveness of the algorithm.
Thanks to the flexibility and ease of implementation, the PSO is a popular choice in a
multitude of fields, from electrical and electronic engineering ([12], [22], [50]) to mechanical
engineering ([27], [29], [54]), but also health care ([53]) and commercial field ([35]).

PSO has already shown its potential within robotics, mainly when dealing with dynamic
environments and multi-objective optimization problems. Masehian et al. (2010) [26]
presented a multi-objective robotic motion planning method that has the aim of finding
the smoothest and shortest path for the robot. In the study, PSO has been employed
together with Probabilistic Roadmap method in order to accomplish global path planning
and obstacle avoidance. The approach proposed by Ajeil et al. (2020) [2] simultaneously
minimizes the path length and maximizes path smoothness, ensuring an efficient and
collision-free trajectory, through the application of a hybrid Particle Swarm Optimization-
Modified Frequency Bat (PSO-MFB). Wu et al. (2024) [47] introduces a robotic trajectory
planning method based on PSO to optimize joint angles and paths of a mechanical arm.
Fernandes et al. (2022) [8] proposes a modified PSO algorithm for the trajectory planning
of a mobile robotic vehicle in both static and dynamic environments.

Determining the best robot base position is crucial to improve both operational efficiency
and task precision. PSO could offer a robust framework for this challenge, by identifying
base positions that optimize a certain cost function. Doan et al. (2017) [4] proposes a
general scheme to rapidly search for the optimal robot placement of a wrist-partitioned
six-revolutions articulated robotic system in manufacturing area. The modified PSO em-
ployed aims to position the robot’s base so that it can execute all the required trajectories
while resolving redundancies and avoiding singularities, collisions and joint limitations.
In simulation, it was able to find the optimal placement within 20 minutes and let the
robot perform welding of complex parts without trial and error manual setup.

These studies demonstrate the potentiality of the PSO in optimizing a variety of objectives
in a multitude of fields, although its application to the optimal base placement of a
manipulator problem seems to be an under-explored area, especially when the restriction
of the linear guide is introduced. This work, therefore, tries to fill this knowledge gap
by using PSO to find the best base placement, in terms of mean manipulability, of a



2| Literature review 15

mobile manipulator mounted over a linear guide, employed for multiple pick-and-place
operations.

2.4. Main contributions of this work

While extensive research has been conducted on robotic base placement some gaps remain
in the literature when considering manipulators constrained to move along linear guides.
Most of the research deals with mobile manipulators or fixed-base robots, with the aim of
optimizing objectives such as reachability, cycle time, energy consumption, or collision-
free motion. However, very little focus is given to manipulators mounted on a linear
guide, where mobility is restricted to one degree of freedom. Similarly, while PSO has
been widely used in robotic applications like trajectory planning, motion optimization,
and path planning, its employment to the scope of finding the optimal base placement of
a manipulator is an under-explored area.

The aim of this thesis is the introduction of a novel optimization framework that integrates
object positioning, base placement and sequence optimization in the pre-deployment
phase. Optimization is carried out offline so that the system determines the optimal
base positions and task sequence beforehand. The result obtained will then be provided
as input to the actual system.

The main contributions of this work are:

1. integration of a packing procedure and a base placement optimization:
prior studies often focus solely on the manipulator placement issue, but rarely in-
tegrate also an effective packing procedure. This work introduces an heuristic al-
gorithm for determining the optimal placement of objects in the bins so that space
utilization is optimized;

2. PSO employment for the best placement issue of a manipulator mounted
over a linear guide: unlike previous works, this thesis implements PSO to find
the best possible placement of the manipulator along the linear guide to ensure
maximum mean manipulability during each operation.

3. sequencing strategy that accounts for both manipulability and cycle time:
this work proposes a hierarchical sequencing approach that optimizes the order of
pick-and-place operations by balancing manipulability and transition time. The
method evaluates the feasible sequences with a weighted cost function accounting for
both manipulability and transition time. The result will be a sequence of operations
executed in prescribed base positions that maximizes the robot’s manipulability
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while also keeping the cycle time as low as possible.
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objects inside the bins

To effectively define an algorithm that maximizes the manipulability of the manipulator
during each pick-and-place operation required to perform the packing, it is necessary to
know both the initial and final positions of each object. In other words, for each object,
there is the need to determine its placement point inside the box. In this work we assume
to know:

• the placements of the objects inside the pallet;

• the dimension of each object inside the pallet;

• the number of boxes available;

• the size of each available box.

It is necessary to underline that an initial assumption regarding the shape of the objects
has been done. More specifically, each object is considered to be rectangular-shaped. The
goal is to retrieve the best positioning of the objects inside each box, so that at each
pick-and-place operation considered, it is known both the pick point and the place point.
To this end, the algorithm proposed by Dube et al. (2006) [5] has been employed.

In Section 3.1 the reference paper is presented and the Best Fit Algorithm is explained
in detail, while its implementation is exposed in Section 3.2. Finally, in Section 3.3 the
implementation of the modifications made for the scope of this work is shown.

3.1. Optimal 3D packing through simulation

Dube et al.(2006) [5] proposes a method for packing a given set of rectangular-shaped
objects inside a minimum number of three-dimensional rectangular bins.
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3.1.1. Problem formalization

Consider to have a set S of rectangular-shaped objects, where each object oi is charac-
terized by three dimensions: width wi, height hi and depth di. Each object is allowed to
rotate. When a rotation is employed the values of width, depth and height of the item
considered are swapped accordingly. Considering that “opposite” faces of each object are
identical, there are only 3 distinct faces for each one of them. For this reason, each ob-
ject has only 6 different possible rotation configurations, that are the ones represented in
Figure 3.1.

(a) Rotation 0 - WHD. (b) Rotation 1 - HWD. (c) Rotation 2 - HDW.

(d) Rotation 3 -
DHW.

(e) Rotation 4 - DWH. (f) Rotation 5 - WDH.

Figure 3.1: Representation of the six possible rotation configurations of an item.

To find a solution for a bin b, whose width W , height H and depth D are assumed to be
known, it is necessary that:

∑
oi∈b

wi ≤ W,∑
oi∈b

hi ≤ H,∑
oi∈b

di ≤ D.

(3.1)

(3.2)

(3.3)
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So, for each dimension of the bin considered, the sum of that dimension over the objects
inside the bin has to be smaller or equal to the one of the bin (3.1, 3.2, 3.3). Considering
this, it is possible to state: ∑

oi∈b

wihidi ≤ WHD (3.4)

which means that the overall volume of the objects inside b has to be smaller or equal to
the volume of the bin itself. The goal of the paper is to minimize the unused volume of
the bin, defined as:

WHD −
∑
oi∈b

wihidi (3.5)

The problem formulated is a NP-Hard problem, so exhaustive search results to be in-
tractable. For this reason, the authors propose the employment of heuristic solution
methods. In that case objects are packed one at a time, with no backpacking (once
packed, the object cannot be removed from the box). The most beneficial features of the
usage of such algorithm are the following:

• a solution to the problem is guaranteed;

• the solution is obtained in a reasonable time;

• the algorithm allows use of general data input;

• provides continuity between the solution and the problem.

It has been demonstrated [5] that, compared to other heuristic solution methods, the Best
Fit Algorithm gives the best performance and is more likely to produce a solution closer
to the optimum.

3.1.2. Best Fit Algorithm

The 3D Best Fit is an efficient heuristic for the solution of the Three-Dimensional Bin
Packing Problem. It minimizes the number of used containers while maximizing space
utilization by placing each object in its “best” position inside the available bins. The
paper [5] elaborates this algorithm in a step-by-step process and shows formulas with
logical reasoning for every step.

The algorithm seeks to place a set of n rectangular objects o1, o2, . . . , on into a minimum
number of rectangular bins b1, b2, . . . , bm. Each object and bin is defined by:

• object dimensions: (wi, hi, di), which are, respectively, width, height and depth of
the object oi;
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• bin dimensions: (W,H,D), width, height, and depth for bin b;

• volume: vi = wi · hi · di for object oi, and V = W ·H ·D for bin b.

The algorithm aims to:

1. minimize the number of bins used;

2. minimize the unused volume in each bin.

Steps of the algorithm

The 3D Best Fit algorithm consists of the following steps:

1. determine the packing criterion (width, height, depth): this step consists in deter-
mining which dimension of the bin is the smallest. There are three possibilities:

• if the width of the bin is the smallest compared to the height and depth, the
packing will be based on width;

• if the depth of the bin is the smallest, the packing will be based on depth;

• if the height of the bin is the smallest, the packing will be based on height.

2. create:

• a list (notPacked) that contains all the objects that still need to be packed,
initially containing all the objects;

• a list (toPack), that contains the objects that need to be packed in the current
bin.

3. create a new bin where to pack the objects;

4. insert all the objects that still need to be packed inside the list of objects that need
to be packed in the current bin (toPack= notPacked);

5. clear notPacked : assume that all the objects will be packed in the current bin;

6. try to pack the first object: examine the first object in the list and try to place
it inside the considered bin at position (0, 0, 0), by positioning its back lower left
corner in the prescribed point, as represented in Figure 3.2.
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Figure 3.2: Visual representation of the placement of an object inside the box at position
(0, 0, 0).

7. If the object does not fit, try all six possible rotations, until the object fits in the
bin. A visual representation is given in Figure 3.3.

(a) Rotation 0. (b) Rotation 1. (c) Rotation 2.

(d) Rotation 3. (e) Rotation 4. (f) Rotation 5.

Figure 3.3: Representation of the six possible ways of packing the first item, seen from
above.

8. Pack the remaining objects: for each object that needs to be packed in the current
bin (starting from the second one), try to pack it. The process is as follows:

(a) define the pivot points: for each item already inside the bin, attempt to find
a position (pivot) where the current object can be placed. Depending on the
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chosen packing criterion (width, height, or depth), compute the pivot points
for positioning the object. Possible pivot points include:

• the back lower right corner;

• the front lower left corner;

• the back upper left corner.

Figure 3.4: Visual representation of possible pivot points.

(b) select a pivot point;

(c) check for fitting: check if the object can be placed in the bin at the chosen pivot
point. This is possible only if the object fits inside the bin without exceeding
its dimensions and it does not overlap with any other object already inside the
bin. If it fits, pack the object in the bin;

(d) try rotations if it doesn’t fit: if the object does not fit at the current position,
rotate it (up to six rotations, shown in Figure 3.1). If a rotation works pack
the object, if no rotation works restore the object to its original rotation;

(e) until all the pivot points have been checked, repeat Steps 8b, 8c and 8d.

9. update the list of the objects that needs to be packed: if an object cannot be packed
into the current bin after all rotations and pivot checks, add it to the list of objects
that still need to be packed (notPacked) to try again in a new bin;

10. until all the objects have been packed (notPacked is empty), repeat from Step 3:
continue to create new bins and to try to pack the objects until all the objects have
been packed;

11. return the result: once all the objects have been packed, return the final list of bins
and objects packed, with their positions.
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For a better understanding of the algorithm, its pseudocode is presented in 3.1

Algorithm 3.1 Best Fit algorithm
1: if binWidth is smaller than binHeight and binDepth then
2: packByWidth ← true, packByHeight ← false
3: else if binDepth is smaller than binWidth and binHeight then
4: packByWidth ← false, packByHeight ← false {Packing by depth}
5: else if binHeight is smaller than binWidth and binDepth then
6: packByWidth ← false, packByHeight ← true
7: end if
8: while notPacked is not empty do
9: create a new bin called currentBin
10: toPack ← notPacked
11: clear notPacked
12: check if the first item toPack [0] fits in currentBin at position (0,0,0)
13: if item does not fit then
14: try rotating the item (6 rotations)
15: place the item in currentBin at position (0,0,0) when it fits
16: end if
17: for each item currentItem in toPack starting from index 1 do
18: fitted ← false
19: for p=0 to 2 do
20: k←0
21: while k< number of items already packed in currentBin and fitted=false do
22: binItem← kth item in currentBin
23: if packing by width (packByWidth) then
24: compute pivot p for width
25: else if packing by height (packByHeight) then
26: compute pivot p for height
27: else
28: compute pivot p for depth
29: end if
30: if currentItem fits at position (pivotX, pivotY, pivotZ) in currentBin then
31: pack currentItem in currentBin at position (pivotX, pivotY, pivotZ)

32: fitted ← true
33: else
34: while fitted = false and not all rotations have been checked do
35: rotate currentItem
36: if currentItem fits at position (pivotX, pivotY, pivotZ) in currentBin then
37: pack currentItem in currentBin at position (pivotX, pivotY, pivotZ)

38: fitted ← true
39: else
40: restore currentItem to its original rotation
41: end if
42: end while
43: end if
44: end while
45: end for
46: if fitted = false then
47: add currentItem to notPacked
48: end if
49: end for
50: end while
51: return the list of packed bins
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It is shown in [5] that, in the worst case, all items might not fit inside the first bin, causing
the outer loop (line 8) to execute n times. Additionally, the second loop (line 17) could
run at most n − 2 times for each iteration of the outer loop, while the third loop (line
19) will execute exactly three times. Finally, the last loop (line 21) could run up to n− 1

times, once for each item inside the bin. Being the number of possible rotations equal to
6, it does not influence the running time. So, in the worst case, we have:

O(BestF it) = n ∗ (n− 2) ∗ 3 ∗ (n− 1) = O(n3)

If all objects fit into the first bin without requiring additional iterations:

O(BestF it) = 1 ∗ (n− 2) ∗ 3 ∗ (n− 1) = O(n2).

Analogously, if each object requires its own bin:

O(BestF it) = n ∗ (n− 2) ∗ 3 ∗ 1 = O(n2).

Therefore, at its best, the algorithm’s performance is O(n2).

3.2. Implementation of the Best Fit algorithm

The 3dbinpacking1 reporitory, developed by Enzo Ruiz, provides an implementation of
a heuristic solution for the three-dimensional bin packing problem, more specifically it
implements the Best Fit heuristic proposed by [5]. In addition to standard features such
as item rotation, to optimize bin space utilization, the repository also includes a constraint
on weight, taking into account both the weight of the objects and the weight capacity of
the bins during the packing. The repository is written in Python and is designed to be
simple to use and to extend.

The core of the repository relies on two key classes, whose elements are given by the user
as an input:

• Item: represents a single object to be packed. Each item is characterized by:

– length, width, height: the three dimensions of the item;

– weight: the weight of the item;
1The repository can be found at: https://github.com/enzoruiz/3dbinpacking

https://github.com/enzoruiz/3dbinpacking
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– volume: automatically calculated as:

volume = length× width× height

– rotation: the repository considers all six possible orientations of an item (Figure
3.1) during the packing process. Users do not need to specify this explicitly;

– position: initialized at (0,0,0).

• Bin: represents the container inside which the items have to be positioned. Each
bin is defined by:

– length, width, height: the fixed dimensions of the bin;

– weight: the maximum weight that the bin is allowed to carry;

– volume: automatically calculated as:

volume = length× width× height

– items: the items packed inside the bin;

– available space: this is dynamically updated during the packing process when
items are placed inside the bin;

– position: initialized at (0,0,0).

Through the definition of a third class, called Packer the Best Fit algorithm is imple-
mented.

With the implemented algorithm, it is possible to obtain the result of the packing process,
including:

• the total number of bins used;

• the placement of each item inside the bins, in terms of both orientation and position;

• the remaining unused space in each bin, which can be used to evaluate packing
efficiency;

• the list of unfitted items.

It has to be underlined that the implementation differs form the algorithm proposed by
the paper [5] as it does not create new bins when needed. Only already available bins are
used for packing. If the number of objects exceeds the bins’ capacity, the list of unfitted
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items will be non-empty. To the purposes of this work, this choice is reasonable and has
not been modified.

3.3. Modified version of the Best Fit algorithm

Although the 3dbinpacking repository provides a solid implementation of the Best Fit
heuristic, it has some limitations if used it in this work:

1. the positions of the items are given considering the back lower left corner;

Figure 3.5: Objects’ positions given by the algorithm.

2. the position of the back lower left corner of the bin is forced in (0,0,0);

Figure 3.6: Bin positioned in (0, 0, 0).

3. there is no possibility to distinguish between different types of items and to pack
them accordingly;

4. it allows rotations that could be difficult to perform by the manipulator.

To overcome these limitations, the code has been slightly modified.
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In order to perform the operation, the robot has to know both the pick point and the
place point for each object, where the first is assumed to be known. The repository is
employed to find the best way of positioning the picked objects inside the bin, so to obtain
the place points of interest. A new function has been implemented to define placement
points relative to the center of the objects rather than their back lower left corner.

In addition, an offset has been introduced for the bin, as the original repository assumed
its back lower left corner to be fixed at (0,0,0). This adjustment ensures that object
placement points are correctly shifted when the bin is located at a different, but known,
position.

Finally, it is necessary to find a way to differentiate between different types of objects, so
that they’ll be packed inside different boxes accordingly. This is easily done without any
code modification. It will be sufficient to:

• create different types of boxes;

• create different types of items;

• create for every type, a new instance of Packer.

Consider to have m different types of objects, so m different sets:

O1 = [o11, o12, ..., o1n]

O2 = [o21, o22, ..., o2d]

...

Om = [om1, om2, ..., omk]

There will be m different types of bins where to place them:

B1 = [b11, b12, .., b1q]

B2 = [b21, b22, .., b2r]

...

Bm = [bm1, bm2, .., bms]

Therefore, n different instances of Packer will be created:

p1, p2, ..., pm
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Each ith instance of Packer will pack each object of type i in the appropriate box of type
i. So, each pi will pack all the objects in the set Oi inside the bins of the set Bi.

Consider, for example, that m=2, so that there are two different types of bins and objects:
type G and type B. Assume that there are:

• 2 bins of type G;

• 1 bin of type B;

• 6 objects of type G;

• 3 objects of type B.

The result of the packing is the one shown in Figure 3.7

(a) First bin of type G. (b) Second bin of type G. (c) First bin of type B.

Figure 3.7: Result of the packing algorithm considering 2 different types of objects and
bins.

At the end, for each bin, it will be obtained:

• the items contained inside it (of the correct type);

• the position of each item (in terms of its center).

And also the list of unfitted items, that suggests to the user that a new bin is needed.

The last problem to be addressed is the one related to the feasible rotation configurations.
Consider to have a manipulator equipped with a suction cup that needs to pick-and-place
the objects. The initial configuration of a generic object in the pallet is the one in Figure
3.8.
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Figure 3.8: Initial configuration of an object inside the pallet.

Since the suction cup picks up objects from the top surface, the objects can’t be placed
in any orientation. The only feasible rotations are the ones that keep the upper surface
facing upward, so the ones in Figure 3.9

(a) Rotation 0 - WHD. (b) Rotation 1 - HWD.

Figure 3.9: Feasible rotations.

The code was therefore adjusted in order to limit the number of rotations the item can
undergo during packing only to the feasible ones.

As a result of the implementation of this algorithm, considering the modifications, will be
obtained detailed information about the packing strategy, more specifically:

• for each object in the scene it will be computed its position inside the bin and
information about its orientation;

• for each bin in the scene, the number of objects and their positions inside it will be
obtained.

Considering as an input only the number, the type and the position of the objects and of
the bins in the scene, which are known.
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manipulator’s base

In this Chapter, through the implementation of the Particle Swarm algorithm, the posi-
tions along the axis at which the base of the robot has to be moved in order to maximize
the manipulability during each operation are found. An overview of the algorithm is ex-
plained in Section 4.1, while its actual implementation is exposed in Section 4.2. Finally,
an example of a possible application is showed in Section 4.3.

4.1. Particle Swarm Optimization

PSO is a nature-inspired optimization algorithm, proposed by Kennedy and Eberhart in
1995 [21], that emulates the collective behavior of swarms to solve non-linear optimization
problems. The algorithm was inspired by the studies on bird flocking and fish schooling
conducted by various authors such as Reynolds (1987) [34] and Heppner and Grenander
(1990) [15].

Sociobiologist E.O. Wilson [46] noted that schooling in fish conferred a selective advan-
tage in foraging, since each member gained something from the collective knowledge of
the group. The notion that the social sharing of information conferred an evolutionary
advantage was the starting point of PSO. Coordinated movements and collective decision-
making particularly present in these natural phenomenon, serve as a metaphor for how
individuals can learn from one another in order to solve complex problems.

4.1.1. Explaination of the algorithm

Particle Swarm Optimization (PSO) is an iterative algorithm in which a group of candi-
date solutions, known as particles, explore the solution space of a given problem. Each
particle adjusts its movement based on its own past experience and the one of the others
in the swarm. Through this process, the swarm gradually converges toward the optimal
solution.
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PSO is designed to either maximize or minimize a specific objective function. Each particle
within the swarm represents a potential solution and is characterized by a position and
velocity in a D-dimensional space. The particles fly through the D-dimensional solution
space, having their position and velocity updated according to some simple mathematical
rules.

Considering a generic ith particle, it can be represented as a vector, which identifies its
position:

xi = [xi0 , xi1 , . . . , xiD ]

The particle, at each iteration, moves in the space of solutions according to:

xi(t+ 1) = xi(t) + vi(t+ 1) (4.1)

where

• t and t+ 1 are the two subsequent iterations considered;

• xi(t+ 1) is the new position of the ith particle;

• xi(t): it the current position of the ith particle;

• vi(t+ 1): is the new velocity of the ith particle.

The velocity vector vi governs how the particle xi moves in the search space. It is obtained,
at each iteration, by the combination of three terms:

1. inertia (or momentum): is the value of the velocity vector vi at the previous
iteration. This term avoids that the particle drastically changes direction from one
iteration to the new one;

2. cognitive component: it is the best position recorded of the ith particle among
all the iterations. This term accounts for the tendency of each particle to return to
their own previously found best position;

3. social component: it is the best position among the swarm. It represents the
tendency of a particle to move towards the best position found by the swarm.

Therefore, the equation defining the velocity at each iteration is:

vi(t+ 1) = vi(t) + c1r1
(
pi − xi(t)

)
+ c2r2

(
g − xi(t)

)
(4.2)

where:
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• c1 is the cognitive coefficient and dictates how strongly a particle moves towards its
personal best;

• c2 is the social coefficient and controls how a particle is pulled towards the global
best position;

• r1 and r2 are two random values inside the range [0,1] generated from a normal
distribution. These coefficients introduce a stochastic behavior that results in an
enhancement in exploration;

• pi − xi(t) is the cognitive component;

• g − xi(t) is the social component.

In later versions of the PSO [37] also the inertia weight ω has been introduced in order
to regulate the influence of the past velocity on the current motion. Larger values of ω

facilitate exploration, while smaller values of ω favor exploitation. Considering this term,
the equation becomes:

vi(t+ 1) = ωvi(t) + c1r1
(
pi − xi(t)

)
+ c2r2

(
g − xi(t)

)
(4.3)

Through the iterative application of the formulae 4.1 and 4.2 (or alternatively using 4.3)
the swarm evolves, step-by-step, towards the optimal solution following these main logical
steps:

1. initialize the swarm of particles by defining:

• initial position xi(0) of each particle;

• initial velocity vi(0) of each particle.

2. evaluate the fitness of each particle’s initial position;

3. define:

• global best g as the position with best fitness among all the particles in the
swarm;

• personal best pi of each particle as its initial position.

4. iterate: until the stopping criterion is met, repeat the following steps:

(a) update the velocity of each particle according to 4.2;

(b) update the position of each particle according to 4.1;
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(c) evaluate the fitness of each particle’s new position according to the cost func-
tion;

(d) update g and pi:

• if a particle’s current position is better in terms of fitness of pi, then sub-
stitute pi with the current position;

• if there is a particle in the current iteration that is better than g in terms
of fitness, then update g.

(e) return the global best g

For a better understanding of the PSO algorithm, its pseudocode is presented in 4.1.

Algorithm 4.1 Particle Swarm Optimization (PSO)
1: for each particle i in the swarm do
2: set initial position: xi

3: set initial velocity: vi

4: end for
5: evaluate the fitness of each particle’s initial position.
6: set the global best: g ← position with the best fitness among all particles.
7: for each particle i do
8: pi ← xi

9: end for
10: while stopping criterion is not met do
11: for each particle i in the swarm do
12: velocity update: vi ← vi + c1 r1

(
pi − xi

)
+ c2 r2

(
g − xi

)
13: position update: xi ← xi + vi

14: evaluate the fitness of the new position xi.
15: if the fitness of xi is better than that of pi then
16: pi ← xi

17: end if
18: end for
19: if any particle’s current position xi is better than the global best g then
20: g ← xi

21: end if
22: end while
23: return global best solution g
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4.1.2. The parameters

The key to PSO’s performance relies also on the choice of its parameters: c1, c2, ω. The
study proposed by Marini et al. (2015) [25] gives an overview on how these parameters can
be chosen. While adaptive and dynamic parameter strategies have gained wide popularity
in recent years, fixed parameters remain one of the most widespread possibilities for many
applications, particularly when the computational resources are limited or the problem
itself is well known.

• Random variables r1 and r2 are uniformly distributed between 0 and 1 and have the
scope of introducing the stochastic factor in PSO. These variables introduce random-
ness in the particle trajectories so that they do not stagnate. Most implementations
still use the uniform distribution.

• Equation 4.2 clearly shows that the acceleration constants, c1 and c2, determine
how each particle is influenced by its own best position registered so far (pi) and
the best-known position found by any particle in the swarm (g), respectively. These
weights control the balance between individual learning (cognitive influence) and
social learning (swarm influence) in the optimization process.
Several researchers (see e.g. [31] or [21]) have investigated how different values of
these constants influence the dynamics of the motion of the particles and, therefore,
the overall convergence behavior of the PSO algorithm. Their findings show that
greater values of of c1 and c2 increase the oscillation frequency around the optimum.
This implies that in cases where these constants are large, particles overshoot and
fluctuate around the best solution rapidly rather than smoothly reaching it. In con-
trast, for smaller values of c1 and c2, the convergence path becomes stable and the
particles traces a smooth path towards convergence.
By large numbers of empirical and theoretical studies, the researchers have deter-
mined that the setting c1 = c2 = 2, as suggested by Kennedy and Eberhart [21],
usually works well for most optimization problems. This parameter setting provides
a proper balance between exploration (the process of searching for better solutions)
and exploitation (refining the already discovered good solutions) in such a way that
the swarm can converge to optimal or near-optimal solutions with high probability.

• One of the features that characterizes the PSO algorithm, as described by Equation
4.2, is that the step size of each particle, in different directions of the search space,
varies at each iteration. This means that, in each dimension, a particle does not
move by a fixed amount but rather by a dynamically changing value that depends
on various factors, including its previous velocity.
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As observed by Marini et al. [25], with the acceleration constants c1 and c2 set equal
to 2, a closer inspection of Equation 4.2 reveals an important insight. Considering
the random variables r1 and r2 uniformly distributed in the range between 0 and 1,
with the aim of introducing elements of stochasticity in PSO (in order to avoid stag-
nation) the terms c1r1 and c2r2 are uniformly distributed between [0,2]. This means
that their expected average value is 1. This implies that there is a 50% probability
that a particle overshoots its target. That is, one can expect that during half of the
iterations, a particle will overshoot the position it is aiming for, instead of stopping
exactly at the optimum.
Due to the stochastic nature of the updates for particle velocities, this overshoot-
ing can occasionally lead to the problematic consequence of a particle’s trajectory
expanding into large oscillations, rather than settling near an optimum solution. In
the worst case, particles might cross the boundaries of the search space and diverge
towards infinity, which is a phenomenon referred to as “velocity explosion”.
To avoid this problem and enhance the stability of the algorithm, various methods
have been proposed to control the oscillations of particles and to converge to an
optimum solution. Among these, one of the most effective techniques is the intro-
duction of an inertia weight ω [37] which controls the momentum of each particle.
This inertia weight modulates the influence of the past velocity to the present one,
and acts as a brake on possibly exaggerated movements.
A high inertia weight (ω > 1) privileges global exploration and can promote the
probability to find new, better solutions. A small value of the inertia weight (ω < 1)
favors local exploitation, in that case particles tend to refine their positions around
promising solutions that have already been found.
A generally recommended strategy ([37], [38]) is to begin the optimization process
with a maximum value for the inertia weight, ωmax = 0.9, and linearly decrease it
during the runs to a minimum value, ωmin = 0.4.
In this way, the algorithm will initially focus on exploring the search space. Then,
as the iterations progress, it will gradually start refining the neighborhood of the
most promising solutions.

4.1.3. Initialization

Being the PSO an iterative algorithm, it requires the initialization of both particles po-
sitions and velocities. Regarding the initialization of particles positions, Marini et al.
(2015) [25] and others, agree on the fact that initializing the particle’s positions uniformly
along the search space is the best choice. On the other hand, the strategy for initializing



4| Optimal placement of the manipulator’s base 37

velocities remains a subject of discussion. In order to avoid the velocity explosion prob-
lem, mentioned previously, it is suggested to set initial velocities to zero, or to very small
random numbers. Engelbrecht et al. (2012) [6] shows empirically that if the particles
velocities are initialized to uniform random values within the domain of the optimization,
the fitness of the global best solution is improved at a slow rate, while initializing the
velocities to zero or to small random numbers brings to better results.

4.1.4. Boundary handling approaches

During their evolution, particles may exceed the boundaries of the search space, leading to
unfeasible solutions. When this happens, an explicit scheme is needed to bring a particle
back into the feasible region search. These strategies are called “bound handling methods”.

Padhye et al. (2013) [32] offers a review of the most common techniques. The paper
distinguishes two groups of bound handling methods:

• group A: each variable of the solution is checked individually. If a variable exceeds
its bounds, it is corrected without affecting other variables. This approach works
well when the variables are independent;

• group B: the entire position vector of the particle is adjusted if one of the variables
violates its bounds. In this case, even variables in the solution that do not exceed
their bounds are modified to bring the solution back inside the feasible search space.
This approach is suggested when there is a high correlation between the variables.

For the purpose of this study, such differentiation is not relevant, being the position vector
one-dimensional, as it will be explained in Section 4.2.

There are many bound handling methods:

• random (A): if a variable violates its bounds, it is repositioned in a random location
between its lower and upper bounds;

• periodic (A): once a variable goes outside its limits, it re-enters the search space
from the opposite end with respect to the one where it left;

• set on boundary (A): if a variable exceeds its bounds it is repositioned on the
boundary. For example, consider Xc the current unfeasible solution, then is set to
Xn

c
ew according to:

Xn
c
ew =

L if Xc < L

U if Xc > U
(4.4)
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where L and U are respectively the lower and upper bounds of the considered vari-
able;

• shrink method (B): the particle’s velocity is re-adjusted in a way that it just
lands on the closest boundary along its path. So the solution is “dragged back” until
it reaches its boundary;

• exponential distribution (B): the particle is brought back inside the search space
in a region between its old position and the violated bound. A higher probability
is assigned to regions closer to the boundary and it exponentially decreases as one
moves away from the boundary.

The effectiveness of these techniques depends on factors such as the problem’s constraints
and the nature of the solution space. If, for example the Periodic approach is applied to a
problem whose optimum is at the boundary, it results ineffective. While, if it is considered
its application to problems whose optimum is at the center of the search space, can be very
useful. In conclusion, the choice of the best strategy depends on the specific application.

For the specific problem addressed in this study, where the objective was to place a robot
on a linear guide, the set on boundary approach proves to be a reasonable choice. Since
the robot’s position cannot physically exceed the limits of the guide, it is necessary to
keep the particles inside the feasible region.
Once the problem has been well-formulated, it became evident that further reducing the
search space was beneficial. Considering that both the positions of the pallet and of the
final boxes are fixed, not all positions within the initial feasible region allow the robot to
successfully reach either the object or the box. Therefore, it is reasonable to restrict the
search space to only those positions that ensure that the robot can successfully perform
the operation.

4.2. Employment of the PSO for a simplified case

In this Section, a simplified case is addressed: determining the optimal base position of a
six degrees of freedom manipulator moving along a linear guide, performing a pick-and-
place operation for a single object o (Figure 4.1).
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Figure 4.1: Representation of the 6-DOF manipulator moving along a linear guide used
to perform the pick-and-place operation for the object o.

The method by which this operation will be repeated for the various objects within the
pallet is explained in Chapter 5. It assumed that both the initial position of o (pick
point) and its target position (place point) are known. The goal is to maximize the
mean kinematic manipulability along the considered operation by finding the best base
placement of the manipulator through the implementation of the PSO algorithm.

4.2.1. Manipulability evaluation

Manipulability is one of the main performance measures of robotic systems, which is
defined as a measure of the ease with which a manipulator can move its end-effector
in different directions. In this research study the manipulability index is used as an
indicator of the distance of the manipulator from a singularity configuration. Its value
can be computed as:

w(q) =
√

det(J(q)JT (q)) (4.5)

where q is the vector of joint variables and J is the Jacobian matrix. When the robot
is non-redundant, like in this case, the Jacobian is a square matrix, and the equation 4.5
becomes:

w(q) = |det(J(q))| (4.6)
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The Jacobian matrix relates the end effector velocity vector to the joint velocities:[
v
ω

]
=

[
Jp(q)

Jo(q)

]
q̇ = J(q)q̇ (4.7)

where v is the linear velocity vector of the end effector, ω is its angular velocity vector
and q̇ is the joint velocity vector. This definition of Jacobian, called Geometric Jacobian,
can be computed column by column [39], distinguishing whether the ith considered joint
is rotational or prismatic. If the robot is made of six rotational joints, like in our case,
the contribution of each of them on the end effector’s velocity vector can be computed as:

• linear velocity contribution: a rotational joint gives a linear velocity contribution
that can be computed through a cross product:

jpi = zi−1 × (p− pi−1) (4.8)

where p is the position of the origin of the reference frame of the end effector, pi−1
is the one of the ith joint and zi−1 is the axis of the ith joint, defined according to
the Denavit-Hartenberg convention;

• angular velocity contribution: a rotational joint gives a contribution to the
angular velocity in the same direction of the joint’s axis:

joi = zi−1 (4.9)

The values of joint’s variables q for which the Jacobian does not have full rank are called
kinematic singularities. In such configurations many problem arise:

1. loose of mobility;

2. infinite possible solutions to the inverse kinematic problem;

3. very high joint’s velocities.

For this reason, it is better to make the manipulator work as far as possible from such
configurations. This in turn means maximizing the manipulability, given by Equation 4.6.

To evaluate the manipulability along the considered operation, it was conducted a sim-
ulation using Tecnomatix Process Simulate, a software developed by Siemens. During
the motion, the average manipulability is evaluated by discretizing the trajectory. At
each step, the robot’s configuration is fixed, and the absolute value of the determinant is
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calculated.

Once the set of determinants along the simulation has been obtained, it is possible to
compute the mean value of the manipulability along the operation as:

wmean =
1

T

T∑
t=1

w(t) (4.10)

where T is the number points at which the manipulability has been evaluated and w(t)

is the absolute value of the Jacobian’s determinant computed at the discrete time step t.

4.2.2. Algorithm implementation

As anticipated, to maximize the manipulability of the manipulator, the PSO algorithm
has been employed with the aim of finding the best base placement along the linear guide
in order to perform the prescribed task. Each particle of the swarm represents a possible
position of the base of the robot along the linear guide. At every iteration, each particle’s
fitness is evaluated trough simulation. This is done by moving the base of the manipulator
in the simulation environment to the position indicated by the considered particle and by
making it perform the prescribed pick-and-place operation.

Let’s assume, for example, that the position of the ith particle at the first iteration is
x = 50. This value will be sent to Process Simulate from Python; the way in which this
data exchange is implemented is explained in Chapter 6.
Being the particle’s position x = 50, the base of the manipulator will be positioned in
(50, 0, 0) accordingly. Once this is done, the pick-and-place operation is performed in
the simulation environment and the manipulability is evaluated along the operation. The
algorithm then moves to the next particle and repeats the process until all particles have
been evaluated. This procedure continues until the maximum number of iterations is
reached.

Once the optimization process is completed, the solution obtained will be the best base
position for the manipulator, in terms of manipulability, to perform the pick-and-place
operation for that specific object.

The swarm is made of N particles, whose initial positions are uniformly distributed over
the whole length of the guide in order to fully cover the search space, as suggested by
Marini et al. [25]:

x(0) ∼ U(xmin, xmax) (4.11)
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where x(0) is a vector of dimension N containing the initial positions of the particles.

Initial velocities, according to Engelbrecht et al. [6], are initialized at random values
uniformly distributed between -1 and 1, with the purpose of avoiding velocity explosion
and to prevent divergence:

v(0) ∼ U(−1, 1) (4.12)

Based on the considerations made in Section 4.1.2, the values of the parameters of the
PSO employed are:

• cognitive coefficient: c1 = 2;

• social coefficient: c2 = 2;

• inertia coefficient: linearly decreasing from 0, 9 to 0.4. (Figure 4.2).

Figure 4.2: ω linearly decreasing from 0.9 to 0.4.

The variation of the inertia weight helps to balance exploration and exploitation. At the
beginning, a large value of ω encourages exploration, forcing the particles to move more,
iteration after iteration, across the search space. Then, toward the end, a smaller value of
ω is employed, in order to reduce the movement and to prevent particles from oscillating
around the optimum.

As anticipated, the set on boundary bound handling method has been implemented to
prevent particles to go outside the feasible region. The definition of the lower and upper
bounds of the feasible space has to be defined according to the specific problem that needs
to be addressed. More specifically, under the assumption of having a single object inside
the pallet that needs to be picked and placed in a prescribed position, the boundaries can
be established based on the pick position and place position. The search space will be
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therefore defined by the set of positions along the guide where the robot’s base can be
placed to successfully reach both the pick and the place positions.

The working principle of the algorithm can be summarized in the following steps:

1. initialization: particles positions and velocities are initialized according to 4.11
and 4.12;

2. evaluate the fitness of each particle’s initial position, using the data coming from
the simulation:

• send from Python to Process Simulate the positions of the particles;

• perform, for each position received, the operation in the simulation environ-
ment and compute the mean manipulability measure (4.10);

• send back to Python the mean manipulability associated to each particle.

3. define:

• global best g as the position with best fitness among all the particles in the
swarm;

• personal best pi of each particle as its initial position.

4. iterate: until the maximum number of iterations is reached, repeat the following
steps:

(a) update the velocity of each particle according to 4.3;

(b) update the position of each particle according to 4.1;

(c) feasibility check of each particle’s position and repositioning, if needed, ac-
cording to 4.4;

(d) evaluate the fitness of each particle’s new position through simulation (repeat
Step 2);

(e) update g and pi:

• if a particle’s current position is better in terms of fitness of pi, then sub-
stitute pi with the current position;

• if there is a particle in the current iteration that is better than g in terms
of fitness, then update g.
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4.3. Example

The system under analysis is made of a robot equipped with a suction cup as an end-
effector, mounted on a 3-meter-long linear guide (Figure 4.3). The manipulator employed
is a GoFa CRB 1500, made of six rotational joints, for a total of six degrees of freedom.
For each joint, according to the Denavit- Hartenberg convention, a reference frame is
defined.

Figure 4.3: GoFa CRB 1500 manipulator mounted over a 3-meter-long linear guide.

The BaseFrame will be centered in the midpoint of the guide (Figure 4.4).

Figure 4.4: Representation of the BaseFrame of the system.

Consider now to have a single object, called o, whose center is positioned in (650, -305,
-87) with respect to the reference frame BaseFrame (Figure 4.5).
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Figure 4.5: Single object positioned in (650, -305, -87).

The goal is to find the best position of the base of the manipulator in order to perform
the pick-and-place operation of the object o, where the place point is assumed to be in
(-863, -455, -87). This in turn means to find the value along the X axis such that, if the
manipulator’s base is positioned there, the mean manipulability of the operation will be
maximized. To this aim the PSO algorithm is employed.

4.3.1. Simulation environment setup

To evaluate the manipulability measure the 3D model of the six-degrees-of-freedom ma-
nipulator equipped with a suction cup, together with the one of the table and the object,
has been imported in Tecnomatix Process Simulate.

The robot will be used to perform the pick-and-place operation of the object, assumed to
be defined by the following points in space (Figure 4.6):

• point 0: initial position of the origin of the reference frame of the flange;

• point 1: positioned 10 cm above the object that needs to be picked;

• point 2: center of the top face of the object to be picked. This will be the “attachment
point”, where the object will be picked by the manipulator;

• point 3: corresponds to point 1;
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• point 4: positioned 10 cm above the place position for the object, defined considering
the center of its top face;

• point 5: placement point, defined referring to the center of the top face of the object.
This will be the “detachment point”;

• point 6: corresponds to point 4;

• point 7: corresponds to point 0.

Figure 4.6: Representation of the points that define the pick-and-place operation.

The robot’s end effector moves from its initial position along the defined points using
point-to-point (P2P) motion. During this movement, the average manipulability is eval-
uated by discretizing the trajectory with a time step of 0.09 seconds. At each step, the
robot’s configuration is fixed, and the determinant is calculated. These values are then
used to compute the mean manipulability throughout the motion.

4.3.2. Boundaries computation

According to the previous Section, the first thing that needs to be done is to compute
the boundaries of the search space in order to restrict the optimization only to feasible
solutions. The feasibility region is defined, as anticipated, as the region that allows the
manipulator to reach both the pick and the place point.
In order to define its boundaries, it is necessary to simulate the pick-and-place operation
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(and to evaluate each time its feasibility) for different base positions.
The process of finding the feasible search space has been divided into two sub-problems:
firstly, the lower bound of the search space is found and then the same procedure is
repeated in order to find the upper bound.
With lower bound of the search space we refer to the minimum value of X such that the
operation is feasible. Analogously, the upper bound is defined as the maximum value of
X such that the robot is able to perform the pick-and-place. That means that if a value
outside the range [lower bound ; upper bound ] is considered for the robot’s base placement,
it will not be able to reach either the pick point or the place point.
To find the lower bound, a dataset of 300 samples uniformly distributed between -1500
(mm) and 0 (mm) is created, each one representing a tentative base position for the
manipulator along the X axis. For each sample, a simulation is performed by making use
of the Tecnomatix Process Simulate software. To do so a Socket communication between
Python and Tecnomatix Process Simulate is established (Chapter 6). Whenever the
required operation results to be unfeasible, the value of the corresponding base position
is stored inside the Unfeasible list. Once all the simulations are over, the Unfeasible list
is exploited and the lower bound of the search space is extracted.
The same procedure is repeated in order to find the upper bound, considering a dataset
of 300 samples uniformly distributed between 0 (mm) and 1500 (mm).

The results of the simulation show that a reasonable choice is:

• lower bound ≈ −645;

• upper bound ≈ 310.

The search space is slightly restricted to a smaller range in order to guarantee the cor-
rectness and reliability of the solution:

• lower bound = -630;

• upper bound = 290.

4.3.3. Results of the example

The PSO is finally executed considering the parameters in Table 4.1
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Name Value

Nobj number of objects 1

pk pick point (650, -305, -87)

pl place point (-863, -455, -87)

Npart number of particles 20

c1 cognitive coefficient 2

c2 social coefficient 2

ω inertia coefficient linearly decreasing from 0.9 to 0.4

ub upper bound x = 290

lb lower bound x = -630

Table 4.1: Parameters of the PSO algorithm for the pick-and-place operation of a single
object.

Five runs of the algorithm have been performed considering different numbers of iterations:
20, 30, 50, 100 and 150. The objective is to determine whether increasing the number of
iterations significantly improves performance.

The results obtained by the four runs are summarized in Table 4.2

Number of iterations Best position found Mean manipulability

First run 20 -365.0 1,3020 ·10−4

Second run 30 -370.0 1,3019 ·10−4

Third run 50 -367.0 1,3020 ·10−4

Fourth run 100 -369.0 1,3020 ·10−4

Fifth run 150 -368.0 1,3020 ·10−4

Table 4.2: Results of the five runs of the PSO algorithm with varying number of iterations
for the pick-and-place operation of the single object.

For each run the fitness evolution of three selected particles (Particle 1, Particle 2 and
Particle 3) over different iterations counts has been tracked.

In Figures 4.7, 4.8 and 4.9 is showed the fitness evolution respectively of Particle 1, Particle
2 and Particle 3 when the number of iteration S is varied.
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(a) Fitness evolution of Particle 1 with S=20. (b) Fitness evolution of Particle 1 with S=30.

(c) Fitness evolution of Particle 1 with S=50. (d) Fitness evolution of Particle 1 with
S=100.

(e) Fitness evolution of Particle 1 with
S=150.

Figure 4.7: Evolution of the fitness of Particle 1 for different number of iterations.
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(a) Fitness evolution of Particle 2 with S=20. (b) Fitness evolution of Particle 2 with S=30.

(c) Fitness evolution of Particle 2 with S=50. (d) Fitness evolution of Particle 2 with
S=100.

(e) Fitness evolution of Particle 2 with
S=150.

Figure 4.8: Evolution of the fitness of Particle 2 for different number of iterations.
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(a) Fitness evolution of Particle 3 with S=20. (b) Fitness evolution of Particle 3 with S=30.

(c) Fitness evolution of Particle 3 with S=50. (d) Fitness evolution of Particle 3 with
S=100.

(e) Fitness evolution of Particle 3 with
S=150.

Figure 4.9: Evolution of the fitness of Particle 3 for different number of iterations.

It is possible to observe that after an initial fluctuating phase, particles tend to converge to
stable values after a certain number of iterations. It is evident that further incrementing
the number of iterations past this convergence point does not lead to improved solution
quality.
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Additionally, the computational time required increases significantly with the number of
iterations, reaching durations of several hours for the highest iteration counts. Given this
observation, running the algorithm with an excessively high number of iterations may not
be the most efficient choice.

4.3.4. General consideration based on the example

The results in Table 4.2 demonstrate that almost identical solutions can be obtained even
when using relatively low values of S. Specifically, comparing runs at 20, 30, 50, 100, and
150 iterations shows minimal differences in terms of fitness. Furthermore, an examina-
tion of individual particle’s fitness evolution reveals that they tend to stabilize within a
relatively small number of iterations, showing that additional iterations beyond this con-
vergence point do not significantly improve the solution quality.
From a computational point of view, increasing the number of iterations can lead to a
very high computational time, without offering any benefit in terms of fitness. In conclu-
sion, choosing a lower number of iterations not only makes it possible to achieve similar
outcomes to higher iteration counts, but also ensures more efficient use of computational
resources.
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5| Sequencing strategy

In this Chapter the overall problem of finding the best sequence of base positions and
associated pick-and-place operations is addressed.

In order to organize a series of different types of items inside different types of boxes, there
is the need of deciding:

1. which item to position first;

2. where to position it;

3. how to perform the packing task in the best possible way.

From Chapter 3, it has already been established how each object should be positioned
inside the boxes. In Chapter 4 using the Particle Swarm Optimization approach, the op-
timal base position in terms of manipulability of the manipulator along the linear guide
was determined considering the case of performing a single pick-and-place operation for
a specific object in the pallet, whose target position was known.
Building upon these foundations, this Chapter explains how to determine the best se-
quence of base positions when dealing with multiple objects in the pallet that need to be
placed inside multiple boxes. The goal is to find the best order in which objects should
be picked and placed, ensuring that the process optimally balances both manipulability
and time. This means finding the optimal sequence of base positions for the robot and,
consequently, the sequence of operations that the robot must perform.

In Section 5.1 the assumptions and the problem formulation are exposed, while in Section
5.2 the basic idea behind the algorithm is explained. In Section 5.3 the cost function
employed is defined and finally in Section 5.4 the final resolution algorithm is exposed.

5.1. Initial assumptions and problem formulation

In the simplified case addressed in Chapter 4, there was only one object inside the pallet
and one only possible position where to place it. Now let’s consider to have a set O of d
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objects inside the pallet:
O = [o1, o2, ..., od]

Assumption 1

Assume that each object in the set O can be classified into M categories: A, B, ..., M.
Each object belonging to the same category is identical in terms of shape and weight.

Therefore, in the pallet, there will be (Figure 5.1):

OA = [oA1, oA2, ..., oAa]

OB = [oB1, oB2, ..., oBb]

...

OM = [oM 1, oM 2, ..., oMm]

where
O = OA ∪OB ∪ ... ∪OM

and
OA ∩OB ∩ ... ∩OM = 0

Figure 5.1: Representation of several objects of different types inside the pallet.

Assumption 2

It is assumed that for each object its type and position in the pallet are known.

Assumption 3

Objects will be placed inside different boxes, depending on their type, therefore there will
be boxes of type A, B, .., M:

BA = [ba1, bA2, ..., bAp]
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BB = [bB1, bB2, ..., bBq]

...

BM = [bM 1, bM 2, ..., bMr]

Each box of a certain type I can contain only objects belonging to OI (Figure 5.2).

(a) Type A. (b) Type B. (c) Type C.

Figure 5.2: Packed objects inside the bins, according to the type.

This means that each ith box of type I bI i can only contain a subset of OI , according to
its capacity. This assumption is reasonable according to the algorithm in Chapter 3.

5.1.1. Problem formulation

For each type I, where I ∈ {A,B, ...,M}, and for each ith box bIi we depose of, the
algorithm in Chapter 3 is executed. This way, the information on the positioning of the
objects inside bIi is retrieved.

It is important to highlight two key aspects:

1. being all the objects of type I identical in terms of shape and weight (Assumption
1), they can be packed inside the box without any constraint on the order;

2. the only difference between the objects in the set OI is their position inside the
pallet, that has an influence on the choice of the best manipulator’s base placement
while performing the pick-and-place operation.

Based on considerations 1 and 2, a differentiation has been made for the objects:

• the objects inside the bin, so the target positions of the set of objects OI once
packed, will be called place side objects ;

• the set of object still inside the pallet will be called pick side objects .

The goal of the algorithm is to choose the sequence by which the pick side objects are
picked from the pallet and placed in the prescribed positions of the place side objects. So,
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step-by-step, the algorithm relates each pick side object to a place side object, as can be
seen in Figure 5.3 and finds the best position of the base of the manipulator accordingly.

Figure 5.3: Association between pick side objects and place side objects.

5.2. Packing strategy

For the generic type I and the generic box bIi, the packing strategy works as follows:

1. select the first place side object in bIi, that, according to the Best Fit Algorithm [5],
will be placed in the lower left corner of the box;

2. select a pick side object in OI and run the PSO algorithm in order to find the
position of the base of the manipulator that maximizes the manipulability of the
pick-and-place operation considered. The pick-and-place points will be given by the
positions of the pick side object and place side object respectively;

3. repeat and store the result of Step 2 for all the pick side objects in OI , while main-
taining fixed the place side object ;

4. once all the pick side objects have been considered, a set of positions along the guide
is obtained. At this point, evaluate each point with respect to a cost function. The
way in which the cost function evaluation is done is explained in Section 5.3;

5. select the best base position, which is related to a specific pick side object and:

(a) update the current position of the manipulator’s base to the best base position;

(b) remove from the list of pick side objects the one selected.

6. move to the next place side object and go back to Step 2 until the list of place side
objects is empty, so until the box has been packed.

Therefore, for each place side object inside the generic bin bIi the algorithm evaluates all
the possible objects in the set OI , determining the optimal base position for each pick-and-



5| Sequencing strategy 57

place operation. Among the computed positions, the one that maximizes a certain cost
function is selected as the next position. Then, the corresponding object is removed from
the set OI of available objects and the manipulator’s base position is updated accordingly.
The process is repeated for all the remaining place side objects in bIi, until the box has
been packed.
At the end it will be obtained as an output:

• the subset of objects in OI that have to be packed inside the box bIi considered;

• the order by which the objects have to be packed;

• the sequence of base positions where to place the manipulator to perform each
pick-and-place operation.

The algorithm, therefore, builds step-by-step the sequence of operations that the manip-
ulator has to perform in order to pack the items of a certain type inside the considered
box, but it needs to be further developed to take into account two aspects:

1. there are several types of objects inside the pallet;

2. for each set OI of objects of type I, there is a set of boxes BI in which they have to
be packed;

This will be tackled in Section 5.4.

5.3. Cost function evaluation

When planning the movement of the robotic system, a fundamental challenge is to select
properly the best base position for the next step. This decision must balance two fun-
damental aspects: manipulability, which reflects how effectively the robot can perform
tasks from a given position, and time, which determines how quickly the robot can reach
the new base location. This Section introduces a systematic approach to select the next
base position by maximizing a weighted sum of these two factors, ensuring an optimal
trade-off between time efficiency and manipulability.

As anticipated in the previous Section (5.2), once all the pick side objects have been evalu-
ated for a given place side object a set of optimal base positions in terms of manipulability
is obtained, each one corresponding to the pick-and-place operation considered. From this
set, the next position has to be chosen. This will be done considering the combination of:

• the measure of mean manipulability associated to the base position considered;

• the time needed to reach the considered base position from the current one.
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In other words, given the robot’s base current position, the next base position must be
selected from a set of possible solutions. The objective is to choose the position that
maximizes the following weighted sum:

C = wmM − wtT (5.1)

where:

• M is the normalized manipulability;

• T is the normalized transition time T;

• wm and wt are the weighting factors respectively of manipulability and transition
time and determine the trade-off between the two quantities.

Both the measures of time and manipulability need to be normalized in order to ensure
a fair comparison and to eliminate unit discrepancies. The normalization method used
is the Z-Score normalization, also known as standardization. Being M the normalized
manipulability and T the normalized transition time, they are obtained from the two
following equations:

M =
m− µm

σm

(5.2)

T =
t− µt

σt

(5.3)

where:

• m is the mean manipulability associated to the considered pick-and-place operation
when performed at the optimal base position taken into account;

• t is the time needed to reach the considered base position from the current one;

• µm and µt are the mean manipulability and mean transition time respectively, com-
puted from appropriate datasets;

• σm and σt are the corresponding standard deviations.

To obtain the normalization parameters µm, µt, σm and σt two pre-computed dataset are
used: one for the manipulability distribution and the other for the transition time.



5| Sequencing strategy 59

5.3.1. Boundaries computation

To effectively define the two datasets we firstly determined the boundaries of the search
space for the specific problem addressed. This is done analogously to Chapter 4, but
now several objects have to be considered. Firstly the lower bound is found by defining
a dataset of 300 samples uniformly distributed between -1500 (mm) and 0 (mm), each
one representing a tentative base position for the manipulator along the X axis. For each
simulation it is considered:

• a random pick side object from the ones available;

• a random place side object from the ones available.

Every time either the pick side object or the place side object cannot be reached by the
manipulator, the position of the base of the manipulator is stored inside the Unfeasible
list, which is finally exploited and the lower bound of the search space extracted. Then, the
upper bound is found analogously, by exploring the region between 0(mm) and 1500(mm).

When there is a multitude of object types to be considered, the procedure is repeated
once for each type in the scene and the global bounds are finally extracted considering the
most restrictive ones.

The global bounds obtained will define the search space of interest in the definition of each
dataset and also the one of each PSO algorithm implemented (Section 5.2).

5.3.2. Manipulability dataset

The manipulability dataset is computed starting from the initial information about the
objects in the scene, more specifically:

• their type;

• their position inside the pallet.

Also the number of available boxes of each type is known. Based on these assumptions,
it can be sad that the initial set of pick side objects is known, while through the Best Fit
algorithm it is obtained the set of place side objects.

In the definition of the dataset the constraints on the type have to be taken into account:
objects of a certain type can be packed only inside boxes of the prescribed type. For this
reason, there will be several distinct manipulability datasets, one for each type.

For each type present in the scene, a dataset of N manipulability samples is computed,
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considering, for each sample:

• a random pick side object from the ones available;

• a random place side object from the ones available;

• a random position within the feasible search space for the placement of the manip-
ulator.

Once all the N manipulability samples have been collected, the mean and the variance of
the dataset are computed as:

µm =
1

N

N∑
i=1

mi (5.4)

σ2
m =

1

N − 1

N∑
i=1

(mi − µt)
2 (5.5)

Then the standard deviation is computed as:

σm =
√

σ2
m (5.6)

5.3.3. Transition time dataset

For the transition time dataset, Process Simulate is not required. The robot base moves
with a trapezoidal velocity profile, so for each of the N samples of the dataset:

• a random starting position within the search space is picked;

• a random ending position within the search space is picked;

• the transition time is computed using the equations of motion of the trapezoidal
velocity profile.

The trapezoidal velocity profile consists of three phases: acceleration, constant velocity,
and deceleration(Figure 5.4).
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(a) Velocity.

(b) Acceleration.

Figure 5.4: Trapezoidal velocity profile.

Given starting point s and a final point f, the total time required to move from s to f is
computed as follows:

• acceleration phase:

ta =
vmax

a
(5.7)

where vmax is the maximum velocity and a is the acceleration;

• deceleration phase: considering that the deceleration equals the acceleration, the
time associated to this phase is:

td = ta (5.8)
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• constant velocity phase: if the total distance allows reaching vmax, the time during
the constant velocity phase is:

tc =
d− 2 · da

vmax

(5.9)

where d = |f−s| and da is the distance covered during the acceleration (deceleration)
phase.

Thus, the total transition time is:

t = ta + tc + td = tc + 2 · ta (5.10)

If the required distance is too short to reach vmax, the motion consists of only acceleration
and deceleration phases, leading to a triangular velocity profile instead (Figure 5.5).

Figure 5.5: Triangular velocity profile

In that case, being the distance covered equal to:

d = a · t2a (5.11)

the transition time will be:

t = 2 · ta = 2

√
d

a
(5.12)

After collecting all transition times, the dataset’s mean and variance were calculated:

µt =
1

N

N∑
i=1

ti (5.13)

σ2
t =

1

N − 1

N∑
i=1

(ti − µt)
2 (5.14)
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Then the standard deviation is computed as:

σt =
√
σ2
t (5.15)

5.4. Overall procedure

The goal of this Section is to incorporate all the considerations made in the previous
Sections and Chapters and to propose a unique resolution algorithm for the problem.

Under the assumptions of having all the information related to the objects inside the
pallet, more specifically:

• the placement of each object in the pallet;

• the type of each object.

The overall algorithm follows these steps:

1. run the Best Fit algorithm (Chapter 3) and obtain, for each box of each type:

• the number of objects inside it;

• where to position the center of each object that has to be packed inside it.

2. select a type:

(a) select the first box of that type;

(b) for each place side object in the considered box run the algorithm in Section
5.2;

(c) repeat 2b until all the boxes of the considered type had been packed.

3. repeat Step 2 until all the types had been packed, which means that all the objects
in the pallet have been packed inside their corresponding boxes.

A more detailed explanation of the algorithm is given through the pseudocode in 5.1.
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Algorithm 5.1 Sequencing algorithm
1: for each type I ∈ {A,B, ...,M} do
2: run Best Fit algorithm for type I and store object positions in boxes BI

3: end for
4: initialize the current position of the manipulator’s base to its initial position:

current_base_position← initial_base_position

5: for each type I ∈ {A,B, ...,M} do
6: for each box bI ∈ BI do
7: for each place side object in bI do
8: best_base_position← ∅
9: max_cost← −∞

10: for each pick side object in OI do
11: base_position← PSO(pick_side_object, place_side_object)
12: cost← evaluate cost function(base_position)
13: if cost > max_cost then
14: max_cost← cost

15: best_base_position← base_position

16: best_pick_side_object← pick_side_object

17: end if
18: end for
19: store optimal position(best_base_position)
20: store operation (place_side_object, best_pick_side_object)
21: remove best_pick_side_object from OI

22: current_base_position← best_base_position

23: end for
24: end for
25: end for
26: return sequence of optimal base positions and operations

The proposed algorithm incorporates both the Best Fit algorithm exposed in Chapter 3
and Particle Swarm Optimization method proposed in Chapter 4 in order to determine
the best sequence of operations that the robot has to perform.

Through the evaluation of different base positions according to the cost function 5.1 the
algorithm ensures that each object is picked and placed in the optimal order, to avoid
extra time-consuming movements.

The algorithm’s outcome is a structured series of manipulator operations, where only
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prior knowledge about objects’ types and positions is required.
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6| Interaction between Python
and Tecnomatix Process
Simulate

As mentioned in previous chapters, to evaluate the manipulability measure, the Tecno-
matix Process Simulate software was used, with which a communication channel needed
to be established. The overall algorithm was developed in Python, while the manipula-
bility evaluation, necessary for the PSO, was performed by communicating with Process
Simulate. This chapter focuses on the description of how the communication between
Python and Process Simulate happens.

In Section 6.1 the basic principles of the socket communication between Python and
Process Simulate are exposed, while Section 6.2 explains in detail the exchange of data
during the algorithm’s execution.

6.1. Socket communication

A socket is a fundamental concept in network communication, as it allows the data ex-
change from different devices [1]. In Python sockets provide a way of exchanging infor-
mation between two processes [16], it is an endpoint for sending and receiving data across
the network.

Associated with each socket there are two streams: one input stream and one output
stream. So, in order to exchange information between two objects (whose sockets are
connected), it has to be written on the output stream of the sender and it will be received
at the input stream of the receiver.

There are several different types of sockets, in this work a TCP/IP socket has been used.
This kind of socket is characterized by two main aspects:

1. is reliable;
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2. provides ordered data delivery.

The connection between the client ad the server is established following these main steps:

1. the server socket has to run a program that is waiting for a connection;

2. the client socket must try to connect up to the server’s program.

For a better understanding see Figure 6.1

Figure 6.1: TCP socket flowchart [1].

It can be seen that the server listens for a client connection and as soon it connects, the
server calls .accept() to accept it and complete the connection. The three-way handshake
is initialized from the client calling .connect(). The handshake guarantees that each side
of the connection is reachable. In order to correctly establish the connection, a port and
an IP address needs to be specified.

In this implementation, a TCP-based socket was used to establish communication between
a client application written in Python and a server application written in C#. The IP
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address used was 127.0.0.1, which refers to the local host, ensuring that communication
remains within the same machine. The port number chosen was 12345, an arbitrary
but unique value to avoid conflicts with other network services. These parameters were
configured on both the client and the server to establish a successful connection (Table
6.1).

IP address Serial port

127.0.0.1 12345

Table 6.1: IP address and number of the port for the TCP communication.

Once the communication channel is correctly established, the real data exchange can
begin. Whenever one of the two parties sends some data, the receiver is supposed to let
the sender know that it has been received by sending a feedback flag. Finally, once the
data exchange is over, both client and server close the connection.

6.2. Data exchange

As specified in Chapter 4 the manipulability measure is computed through the usage
of Process Simulate. The Python code implements the algorithm described in Chapter
5, while the second is used for manipulability evaluation. Here, it is proposed a more
detailed explanation of the workflow of both of the codes, in order to highlight when data
exchanges occur and what information is transmitted between the client and the server.

6.2.1. Python code

The Python code can be summarized through these main steps:

1. start the connection: create a socket object, define the host and port and connect
to the server;

2. find the place points: for the specified types, boxes and items run the algorithm
3.1 and define the place side objects

3. select a type : select the type of objects that you want to pack;

4. send information about the objects of that type : for the selected type, send
to Process Simulate the information about the depth of the objects of that type.
Being the manipulator equipped with a suction cup, this information is needed to
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retrieve the attachment and detachment points;

5. select a bin: given the selected type, select one of the bins;

6. send the number of objects that the selected bin contains: given the selected
bin, send to Process Simulate the number of place side objects that the bin has to
contain;

7. select a place side object : given the bin, select a place side object ;

8. send the position and orientation of the place side object : given the place
side object, send its corresponding position. It is sent also the information regarding
the orientation of the place side object, so whether a rotation is needed or not to
successfully pack the item in that position. This is needed in Process Simulate to
know the exact positioning of the objects once picked;

9. select a pick side object : select, for the given type, a pick side object ;

10. send information about the pick side object : send to Process Simulate infor-
mation about the pick side object considered, in order to be sure that both Python
code and the C# one are taking into account the same object;

11. run the PSO: for the pick side object and place side object considered, run the
PSO. This corresponds to a series of actions, repeated for every iteration of the
PSO:

(a) send particles’ positions: every iteration, send to Process Simulate the
positions of particles for that iteration;

(b) receive the fitness of each particle: receive from Process Simulate the
value of the fitness associated to each particle;

(c) compute the velocity of each particle: update the personal best and global
best and update each particle’s velocity accordingly;

(d) update the particles’ positions: at each iteration of the PSO, the positions
of the particles are updated according to the formulas exposed in Chapter 4;

12. store the result: store the optimal base position for the pick-and-place operation
considered, found through the PSO algorithm;

13. repeat form Step 9 to Step 12 for every pick side object : run the PSO
algorithm for each pick side object of the considered type, while maintaining fixed
the place side object and store the result of the optimization;
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14. choose the pick side object and remove it from the list: choose among all
the pick side objects evaluated, which one to pack in the selected place side position
and remove it from the list of available pick side objects ;

15. move to the next place side object and go back to Step 8: repeat until all
the place side objects are packed;

16. move to the next bin and restart from Step 6: repeat the packing procedure
until all the bins of the type considered are packed;

17. move to the next type and restart from Step 5: repeat the procedure for all
the types of objects present in the scene;

18. close the connection

6.2.2. C# code

On the other hand, the C# code implemented can be explained through the following
steps:

1. start the connection: connect to the client;

2. select a type : select the type of the objects that are going to be packed;

3. receive information about the type : receive information about the type of
objects the algorithm is currently packing. Specifically, obtain the dimension along
the z axis for the considered type of object;

4. select a bin: for the type considered, select a bin;

5. receive the number of objects for the considered bin: for the selected bin,
receive from Python the number of objects that will be packed inside it;

6. select a place side object ;

7. receive the position of the place side object : from Python, receive the position
and orientation of the place side object considered;

8. receive information about the pick side object that needs to be picked;

9. define attachment and detachment points: given the information about the
object to be picked, obtained in Step 8, and the depth of the object in Step 3, define
the attachment point. Analogously, form Steps 7 and 3 retrieve the information
needed to define the detachment point;
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10. until the maximum number of iterations of the PSO is not reached, re-
peat:

(a) receive particles’ positions;

(b) run the simulation: for each particle, place the robot in the corresponding
position and run the simulation of the pick-and-place operation (as it has been
done in Section 4.3, Chapter 4);

(c) compute the mean manipulability during the operation;

(d) send the fitness: send to Python the fitness associated to each particle in
that iteration.

11. go back to Step 8: repeat until all the pick side objects have been considered;

12. move to the next place side object and go back to Step 7: repeat until the
number of place side objects, received in Step 5, has been reached;

13. move to the next bin and go back to Step 5: repeat until all the bins of the
selected type has been packed;

14. move to the next type and restart from Step 3: repeat until all the types of
objects present in the scene have been packed;

15. close the connection.

6.2.3. Final considerations on the data exchange

In can be seen that the connection is started at the beginning of the algorithm and closed
once it has completed its computations.

Most of the data exchange happens during the evolution of the PSO:

1. every time a place side object is selected, its position is sent to the server, where it
is stored.

2. for each pick side object, the PSO is run. At each iteration:

(a) the client (Python) sends the positions of the particles for that iteration to the
server;

(b) the server receives the data and computes the fitness associated to each particle
(Chapter 4);

(c) the server sends the vector of fitness back to the client.
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Instead of sending the particle positions individually at each iteration, a single vector
containing all particle positions for that specific iteration is transmitted. This approach
is preferable to reduce the load on the communication channel.

For a better understanding, a graphic representation of the data exchange is represented
in 6.2

Figure 6.2: Data exchange between Python code and C# code.
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7| An industrially relevant use

case

In this Chapter, an industrial application of the complete algorithm exposed in Chapters
5 and 6 is proposed, providing results that can be applied to the real industrial system
currently being set up at Camozzi S.p.A. as part of the MICS project. The algorithm is
tested by comparing the results of three different runs, all applied to the same problem
instance. The Chapter is divided into 3 Sections:

• in Section 7.1 the specific problem addressed is presented and the three executions
formalized, together with the setup of the simulation environment in Process Sim-
ulate and the definition of the parameters required by the algorithm, such as the
boundaries of the search space and the normalization parameters of both manipu-
lability and time measures;

• in Section 7.2 the results of the three runs are presented and analyzed in detail;

• finally, in Section 7.3 the result obtained from the optimization is compared to a
fixed base strategy.

7.1. Problem formulation and setup

The problem addressed is the packing of six rectangular-shaped objects inside two distinct
boxes. The six objects can be divided into two types, whose dimensions are expressed in
Table 7.1.

Width (mm) Height (mm) Depth (mm)

Type 0 75 150 80
Type 1 100 70 80

Table 7.1: Dimensions of objects classified by type.
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The objects, which are boxes containing components from Camozzi S.p.A., have the same
weight of 1 kg. In the scene there are three objects of type 0 and three objects of type 1.

The objects have to be packed inside two boxes, both with a weight capacity of 20 kg.
The first one will contain the three objects belonging to the type 0 category, while the
second will contain the objects of type 1. The boxes’ dimensions are identical and equal
to the ones in Table 7.2.

Width (mm) Height (mm) Depth (mm)

Box 300 200 130

Table 7.2: Dimensions of the boxes.

In Figure 7.1 is provided the 3D representation of the items.

(a) Object of type 0. (b) Object of type 1. (c) Box.

Figure 7.1: 3D representation of the objects and the box.

The robot employed is a GoFa CRB 15000, which is a six degrees of freedom manipulator,
equipped with a suction cup (Figure 7.2). In simulation we used a "proxy" suction cup,
but this did not affect the results.
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Figure 7.2: 3D representation of the robot GoFa12 CRB 15000.

The robot is mounted over a linear guide, whose length is equal to 3000 mm (3 meters).
The motion of the manipulator’s base along the guide follows the laws of the trapezoidal
velocity profile, introduced in Chapter 5, with a = 0.9m/s2 and vmax = 0.7m/s.
The guide is positioned above a table, where both the boxes and the pallet with the
objects to be packed are placed. For each joint of the manipulator, a reference frame is
defined according to the Denavit-Hartenberg convention. The BaseFrame will be centered
in the midpoint of the guide (Figure 7.3).

Figure 7.3: Representation of the BaseFrame of the system.

With reference to the Baseframe the main components of the scene will be positioned as
presented in Table 7.3.
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X (mm) Y (mm) Z (mm)

Box of type 0 -750 -430 -107

Box of type 1 -250 -430 -107

Pallet 750 -430 -107

First object of type 0 650 -305 -87

Second object of type 0 750 -305 -87

Third object of type 0 850 -305 -87

First object of type 1 625 -555 -87

Second object of type 1 750 -555 -87

Third object of type 1 875 -555 -87
Initial position of the center of
the manipulator’s base

0 0 0

Table 7.3: Initial position of the components in the scene.

It has to be underlined that the positions of the boxes, the objects and the pallet make
reference to the center of their bottom face (see Figure 7.4).

Figure 7.4: Center of the bottom face of a generic object.

As it can be observed, both the pallet and the boxes are positioned slightly below the
base of the manipulator. This difference along the z axis is due to the linear guide. It can
also be noted that there is a difference along the z axis also between the bottom face of
the objects and the one of the boxes, justified by the presence of the pallet, whose depth
is equal to 20 mm. A 3D representation of the scene is reported in Figure 7.5.
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Figure 7.5: 3D representation of the scene.

The goal is to find the best sequence of operations that the manipulator has to perform in
order to pack all the objects in the scene into their corresponding boxes. To do so, three
distinct runs of the algorithm in Chapter 5 are performed, with varying PSO parameters,
as shown in Table 7.4.

Number of iterations of PSO (S) Number of particles (Npart)

First run 10 15

Second run 20 20
Third run 50 20

Table 7.4: PSO parameters of the three runs performed.

The optimization procedure was performed with Python on a MacBook Pro (2020) with
8 GB of RAM, running Windows via Boot Camp. The system is equipped with an 1,4
GHz Intel Core i5 quad-core.

To ensure a realistic and effective analysis, a digital twin of the physical workspace has
to be defined in Process Simulate. This involves:

• importing 3D models of the robotic system and surrounding environment;
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• the definition of the reference frames associated to the joints of the manipulator
according to the Denavit-Hartenberg convention.

The setup is similar to the one exposed in Section 4.3.1 and for this reason it will not be
reported again here. The only difference is that now a multitude of objects have to be
considered and therefore their 3D representations imported and correctly placed in the
workspace.

Basing on the specific problem addressed, some parameters have to be defined to suc-
cessfully perform the optimization. Firstly there is the need of precisely define the search
space of interest. Then, the manipulability and time datasets have to be created and the
normalization parameters computed.

7.1.1. Boundaries of the search space

To obtain the global bounds of the search space the ones related to each type are computed
and then the most restrictive selected. Applying the procedure for bounds selection
explained in Chapter 5, the values in Table 7.5 are obtained.

Upper bound Lower bound

Type 0 x ≈ 310 x ≈ −320
Type 1 x ≈ 340 x ≈ −450

Table 7.5: Boundaries of the feasible search space for the two types of objects.

It can be seen that the most restrictive are the ones related to type 0. The search space
is then slightly reduced to a smaller range to ensure the feasibility of the solution, by
setting:

• lower bound = -300;

• upper bound = 290.

7.1.2. Normalization parameters

According to Chapter 5, two distinct manipulability datasets and one transition time
dataset have been created, each containing 300 samples. The required normalization
parameters are computed from these datasets, and their values are presented in Table
7.6.
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Parameter name Value

µm0 mean manipulability of objects of type 0 1.052387 · 10−4

σm0 standard deviation of objects of type 0 2.06463 · 10−5

µm1 mean manipulability of objects of type 1 1.09792 · 10−4

σm1 standard deviation of objects of type 1 1.12988 · 10−5

µt mean transition time 0.8504154

σt standard deviation of the time dataset 0.35599

Table 7.6: Normalization parameters.

7.2. Results

This Section presents the results obtained from the three different runs of the algorithm,
where both the number of particles and the number of iterations of the PSO employed
were varied according to Table 7.4. This is done to assess the impact of these parameters
on both execution time and solution quality.

The differences between the runs lie in the application of the PSO. However, all three
runs shared an identical preliminary phase, in which the Best Fit algorithm is used to
determine the optimal positions of the objects within the boxes, therefore to define the
place side objects. Since the result of this phase depend solely on the problem addressed,
which remains consistent across all runs, the outcomes are identical for each one of them.

In this Section, the results of the common preliminary phase are first discussed, followed
by a comparison of the outcomes from the three runs.

7.2.1. Place side objects definition

Before applying the PSO, the Best Fit algorithm is executed to determine the best posi-
tioning of the objects inside the boxes. This heuristic algorithm optimizes the packing of
the objects by calculating the most efficient arrangement based on their size and shape.
Since the packing problem is consistent across all runs, the results of this phase are iden-
tical each time. Tables 7.7 and 7.8 show the outcome, therefore the optimal positions of
the center of each of the objects inside the boxes (Figure 7.6), under the assumption that
both the containers have their bottom-lower-left corner placed in (0, 0, 0).
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Figure 7.6: Center of a generic object.

A value of rotation equal to 0 implies that no rotation is required in order to pack that
item, if instead rotation= 1, that means that the HWD rotation (Section 3.3) has to be
performed.

X (mm) Y (mm) Z (mm) rotation

First object 37.5 75 40 0

Second object 112.5 75 40 0
Third object 187.5 75 40 0

Table 7.7: Positions of the centers of the place side objects of type 0 inside the box 0,
when its back lower left corner is in (0,0,0).

X (mm) Y (mm) Z (mm) rotation

First object 50 35 40 0

Second object 150 35 40 0
Third object 250 35 40 0

Table 7.8: Positions of the centers of the place side objects of type 1 inside the box 1,
when its back lower left corner is in (0,0,0).

For a better understanding of the positioning of the objects inside the boxes, Figure 7.7
is presented.
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(a) Box 0. (b) Box 1.

Figure 7.7: 3D representation of the objects inside their corresponding boxes.

If the offset of each box is considered, therefore their position in the workspace:

• position of the back lower left corner of box 0 in (-900, -530, -107);

• position of the back lower left corner of box 1 in (-400, -530, -107).

the actual positions of the center of each place side object is obtained. This is presented
in Table 7.9 and Table 7.10.

X (mm) Y (mm) Z (mm) rotation

First object -862.5 -455 -67 0

Second object -787.5 -455 -67 0
Third object -712.5 -455 -67 0

Table 7.9: Positions of the centers of the place side objects of type 0 inside the box 0,
when its back lower left corner is in (-900, -530, -107).

X (mm) Y (mm) Z (mm) rotation

First object -350 -495 -67 0

Second object -250 -495 -67 0
Third object -150 -495 -67 0

Table 7.10: Positions of the centers of the place side objects of type 1 inside the box 1,
when its back lower left corner is in (-400, -530, -107).
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These will be the positions of the place side objects, meaning that once the packing
procedure is completed, the objects will be placed accordingly.

A 3D representation is proposed in Figure 7.8.

(a) Lateral view. (b) Top view.

Figure 7.8: 3D representation of the final positions of the objects once the packing pro-
cedure is completed.

7.2.2. Comparison of the three runs

Once the place side objects have been defined, the algorithm exposed in Chapter 5 is
applied. The goal will be to find the optimal sequence of operations that the robot has to
undergo to pack all the items inside their corresponding boxes. As mentioned earlier, three
runs of the algorithm were performed, varying the number of iterations S and the number
of particles Npart of the PSO (Table 7.4) to evaluate their impact on both execution time
and solution quality, while all other parameters remained unchanged and identical to
those in Table 7.11
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Name Value

Ntypes number of types 2

Nboxes0 number of boxes of type 0 1

Nboxes1 number of boxes of type 1 1

Nobj0 number of objects of type 0 3

Nobj1 number of objects of type 1 3

c1 cognitive coefficient 2

c2 social coefficient 2

ω inertia coefficient linearly decreasing from 0.9 to 0.4

ub upper bound x = 290

lb lower bound x = -300

vmax maximum velocity (trapezoidal velocity profile) 0.7m/s

a acceleration (trapezoidal velocity profile) 0.9m/s2

cp initial position of the manipulator’s base x = 0

µm0 mean manipulability of objects of type 0 1.052387 · 10−4

σm0 standard deviation of objects of type 0 2.06463 · 10−5

µm1 mean manipulability of objects of type 1 1.09792 · 10−4

σm1 standard deviation of objects of type 1 1.12988 · 10−5

µt mean transition time 0.8504154

σt standard deviation of the time dataset 0.35599

wm weighting factor of the normalized manipulability 1

wt weighting factor of the normalized transition time 1

Table 7.11: Parameters of the algorithm.

It can be noted that the two weighting factors wm and wt are both set to one, this is
done to give equal importance to transition time and manipulability in the optimization
process.

The results obtained from each run are exposed in Tables 7.12, 7.13, 7.14.
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Operation Picked object
Placement
position

Position of the
manipulator
base [mm]

Mean manip-
ulability

Time needed to
reach the base
position [sec]

1 (850, -305, -47) (-862.5, -455, -67) x = -250.0 1.3169 · 10−4 1.054

2 (750, -305, -47) (-787.5, -455, -67) x = -272.0 1.3158 · 10−4 0.313

3 (650, -305, -47) (-712.5, -455, -67) x = -275.0 1.2613 · 10−4 0.115

4 (875, -555, -47) (-350, -495, -67) x = 154.0 1.2756 · 10−4 1.381

5 (750, -555, -47) (-250, -495, -67) x = 262.0 1.2344 · 10−4 0.693

6 (625, -555, -47) (-150, -495, -67) x = 290.0 1.2146 · 10−4 0.353

Table 7.12: Best sequence of operations obtained from the first run.

Operation Picked object
Placement
position

Position of the
manipulator
base [mm]

Mean manip-
ulability

Time needed to
reach the base
position [sec]

1 (850, -305, -47) (-862.5, -455, -67) x = -251.0 1.3169 · 10−4 1.056

2 (750, -305, -47) (-787.5, -455, -67) x = -269.0 1.3158 · 10−4 0.290

3 (650, -305, -47) (-712.5, -455, -67) x = -270.0 1.2614 · 10−4 0.067

4 (875, -555, -47) (-350, -495, -67) x = 150.0 1.2756 · 10−4 1.366

5 (750, -555, -47) (-250, -495, -67) x = 262.0 1.2344 · 10−4 0.706

6 (625, -555, -47) (-150, -495, -67) x = 290.0 1.2146 · 10−4 0.353

Table 7.13: Best sequence of operations obtained from the second run.

Operation Picked object
Placement
position

Position of the
manipulator
base [mm]

Mean manip-
ulability

Time needed to
reach the base
position [sec]

1 (850, -305, -47) (-862.5, -455, -67) x = -250.0 1.3170 · 10−4 1.054

2 (750, -305, -47) (-787.5, -455, -67) x = -267.0 1, 3158 · 10−4 0.275

3 (650, -305, -47) (-712.5, -455, -67) x = -273.0 1.2614 · 10−4 0.163

4 (875, -555, -47) (-350, -495, -67) x = 157.0 1.2756 · 10−4 1.382

5 (750, -555, -47) (-250, -495, -67) x = 262.0 1.2344 · 10−4 0.683

6 (625, -555, -47) (-150, -495, -67) x = 290.0 1.2147 · 10−4 0.353

Table 7.14: Best sequence of operations obtained from the third run.

It can be seen that the sequence of operations among the three runs is almost identical:
the sequence at which the pick side objects are taken from the pallet is the same among
the runs. For a better understanding of the results assume to identify each object pick
side of each type for simplicity by a number:
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• type 0:

– pick side object 1: the one placed in (650, -305, -47);

– pick side object 2: the one placed in (750, -305, -47);

– pick side object 3: the one placed in (850, -305, -47).

• type 1:

– pick side object 1: the one placed in (625, -555, -47);

– pick side object 2: the one placed in (750, -555, -47);

– pick side object 3: the one placed in (875, -555, -47).

as it is represented in Figure 7.9.

Figure 7.9: Pick side objects.

Analogously, the place side objects are enumerated as it follows:

• bin 0 (type 0):

– place side object 1: the one placed in (-862.5, -455, -67);

– place side object 2: the one placed in (-787.5, -455, -67);

– place side object 3: the one placed in (-712.5, -455, -67).

• bin 1 (type 1):

– place side object 1: the one placed in (-350, -495, -67);
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– place side object 2: the one placed in (-250, -495, -67);

– place side object 3: the one placed in (-150, -495, -67).

as can be seen in Figure 7.10.

Figure 7.10: Place side objects.

It is possible to observe that in each of the three runs performed, the association between
pick side objects and place side objects remains unchanged (Table 7.15).

Type Pick side object Place side object

0 3 1

0 2 2

0 1 3

1 3 1

1 2 2

1 1 3

Table 7.15: Association between pick side and place side objects.

The only difference between the three results relies on the choice of the optimal base
position along the guide where to place the manipulator in order to perform the operation.
For example, considering the second operation:

• picked object: pick side object 2 of type 0;
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• placement position: place side object 2 of type 0.

The optimal position of the base obtained by the three runs varies slightly:

1. run 1:

• optimal position in x= -272.0;

• associated mean manipulability: 1.3158 · 10−4.

2. run 2:

• optimal position in x= -269.0;

• associated mean manipulability: 1.3158 · 10−4.

3. run 3:

• optimal position in x= -267.0;

• associated mean manipulability: 1.3158 · 10−4.

Furthermore, it can be observed that the manipulability associated with the three posi-
tions is identical, also because they are extremely close to each other, being only a few
millimeters apart.

It can be concluded that, considering the overall solution, the improvement in terms of
manipulability achieved in the third run of the algorithm are negligible. On the other
hand, the execution time increases substantially with a higher number of PSO iterations,
ranging from approximately one hour for the first run to six and a half hours for the
second and around twenty and a half hours for the last one.
For these reasons, in order to choose the optimal configuration, the trade-off between
computational time and robustness of the solution should be considered.
The second run, with 20 particles and 20 iterations, results to be the best option in this
sense, as it reduces execution time while ensuring solution quality, lowering the likelihood
of getting stuck in a local minimum.
The first run, with Npart = 15 and S = 10 is very fast and has achieved good results in
this specific case, but it is not the best configuration to chose. As a matter of fact, the low
number of iterations could lead to a premature convergence in a local minimum. On the
other hand, the third run (Npart = 20 and S = 50), although theoretically more refined,
does not provide enough improvement to the solution to justify its high computational
time.
Therefore, in practical scenarios where efficiency and reliability are both important, the
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second configuration results to be the best option, offering the most suitable trade-off
between solution quality and computational time.

7.3. Comparison with a fixed base placement strat-

egy

To access the benefits of the proposed strategy, a comparison between the PSO-based
approach and a fixed base approach is performed. Considering the sequence of pick-
and-place operation given, therefore the association between place side objects and pick
side objects fixed and equal to the one in Table 7.15, the following two approaches are
compared:

• fixed base placement: the base of the manipulator is positioned in a fixed point
throughout the several operations performed. The chosen point is the center of the
search space, where x=-5;

• optimized base placement: the base positions are determined using Particle
Swarm Optimization in order to maximize manipulability.

Each approach was tested in the simulation environment of Process Simulate under iden-
tical conditions. The performance has been evaluated according to the following metrics:

1. mean manipulability: value of the mean manipulability measure associated to
each pick-and-place operation.

2. cycle time: time needed to perform all the required operations

The results of the two strategies are exposed in Table 7.16 and Table 7.17.

Operation Picked object
Placement
position

Position of
the

manipulator
base [mm]

Mean manip-
ulability

Time needed
to reach the

base
position [sec]

Time needed
for the

operation
[sec]

1 (850, -305, -47) (-862.5, -455, -67) x = -5 1.1125 · 10−4 0.149 9.21

2 (750, -305, -47) (-787.5, -455, -67) x = -5 1.1328 · 10−4 0 9.214

3 (650, -305, -47) (-712.5, -455, -67) x = -5 1.1217 · 10−4 0 9.258

4 (875, -555, -47) (-350, -495, -67) x = -5 1.2427 · 10−4 0 9.073

5 (750, -555, -47) (-250, -495, -67) x = -5 1.1483 · 10−4 0 9.064

6 (625, -555, -47) (-150, -495, -67) x = -5 1.0334 · 10−4 0 8.986

Table 7.16: Results of the fixed base approach.
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Operation Picked object
Placement
position

Position of
the

manipulator
base [mm]

Mean manip-
ulability

Time needed
to reach the

base
position [sec]

Time needed
for the

operation
[sec]

1 (850, -305, -47) (-862.5, -455, -67) x = -251.0 1.3169 · 10−4 1.056 9.286

2 (750, -305, -47) (-787.5, -455, -67) x = -269.0 1.3158 · 10−4 0.290 9.380

3 (650, -305, -47) (-712.5, -455, -67) x = -270.0 1.2614 · 10−4 0.067 9.455

4 (875, -555, -47) (-350, -495, -67) x = 150.0 1.2756 · 10−4 1.366 8.940

5 (750, -555, -47) (-250, -495, -67) x = 262.0 1.2344 · 10−4 0.706 8.821

6 (625, -555, -47) (-150, -495, -67) x = 290.0 1.2146 · 10−4 0.353 8.733

Table 7.17: Results of the optimized base placement approach with S=20 and Npart=20.

Tables 7.18 and 7.19 provide an explicit comparison between the fixed base and optimized
base placement approaches highlighting the two main performance metrics used: mean
manipulability measure and cycle time.

Operation Fixed base Optimized base

1 1.1125 · 10−4 1.3169 · 10−4

2 1.1328 · 10−4 1.3158 · 10−4

3 1.1217 · 10−4 1.2614 · 10−4

4 1.2427 · 10−4 1.2756 · 10−4

5 1.1483 · 10−4 1.2344 · 10−4

6 1.0334 · 10−4 1.2146 · 10−4

Table 7.18: Comparison of the mean manipulability measures obtained with the two
approaches for each pick-and-place operation performed.

Fixed base Optimized base

54.954 sec 58.453 sec

Table 7.19: Comparison of the cycle time of the two approaches.

The results show that the optimized base placement strategy requires a slightly longer cy-
cle time, being 6.37% slower that the fixed base approach. On the other hand, it provides
a 12.18% increase on average on the manipulability measure, ensuring that the robot op-
erates at a greater distance from singularities. This is a significant advantage, considering
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the problems related to singularity configurations, such as the loose of mobility, infinite
solutions to the inverse kinematic problem and high joint velocities.

In conclusion, although the fixed base is able to perform the sequence operation in a
slightly shorter amount of time, the optimized base placement approach is a better choice
for applications where reliability and performance are crucial.
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developments

The optimization of the base placement of a manipulator mounted on a linear guide for
packing operations presents a number of challenges, mainly concerning finding the balance
between manipulability, cycle time, and the constraints on objects’ positioning. However,
automating such tasks is critical for industrial applications requiring precision, efficiency
and reliability.
This work presented a systematic approach to solve such problem through the combina-
tion of three key methodologies: the Best Fit algorithm, Particle Swarm Optimization
(PSO) and a sequencing strategy, that has the aim of defining the best sequence of oper-
ations. Through the implementation of a modified version of the Best Fit algorithm, the
target positions of objects of different types within their corresponding bins is retrieved.
Then, PSO is employed to find the base position of the manipulator along the guide that
maximizes the mean manipulability during each operation. Finally, to choose the best
sequence of operations, a weighted cost function has been defined, accounting for both
transition time and mean manipulability.
It is important to note that the method implemented is designed for the pre-deployment
phase, meaning that the results obtained will serve as inputs for the real system.
The industrial application of the overall algorithm exposed in Chapter 5, proposed in
Chapter 7 making use of the Tecnomatix Process Simulate software, demonstrated the
algorithm’s robustness with three test cases under varying PSO parameters. Results re-
vealed the best solution to be the one with 20 particles and 20 iterations, providing the
best trade-off between computational time and solution quality. Compared to a fixed
base strategy, the optimized approach provides an increase in terms of manipulability of
12.18%, at the small cost of a 6.37% longer cycle time, validating it for applications where
reliability is crucial.

Although the proposed methodology has provided good results, it presents some limita-
tions. The first one is the key assumption of having only rectangular-shaped objects in
the scene, which limits its applicability to scenarios involving irregular shaped objects.
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Additionally, for a large number of objects, the number of iterations required to the PSO
increases substantially, leading to very high computational times.

8.1. Future works

Despite the applicability of the method proposed in an industrial context has been verified
by the use case, some improvements can be considered to increase the efficiency and the
robustness of the procedure.

One of the main limitations lies in the initial assumption of having only rectangular-
shaped objects. To the use case of interest this simplification was reasonable and avoided
unnecessary complexity, as the target application focused on standardized industrial com-
ponents (e.g. boxes). However, for applications involving irregular geometries, extending
the Best Fit algorithm to handle different shapes would be necessary. These modifications
can range from the addition of 6-degrees-of-freedom rotations, advanced collision detec-
tion, or machine learning estimations to approximate potential packing configurations for
non-rectangular components. These extensions would broaden the use of the methodology
to a wider range of applications.

In addition, when the methodology is applied to large-scale systems, where hundreds of
objects have to be considered, the required computational time increases substantially.
For this reason, some modifications to the algorithm could be implemented, such as the
integration of an adaptive PSO framework that dynamically adjusts the number of itera-
tions based on convergence rates, reducing unnecessary computations.



95

Bibliography

[1] Socket programming in python (guide). URL https://realpython.com/

python-sockets/#python-socket-api-overview. Last accessed: February 20,
2025.

[2] F. H. Ajeil, I. K. Ibraheem, M. A. Sahib, and A. J. Humaidi. Multi-objective
path planning of an autonomous mobile robot using hybrid pso-mfb optimiza-
tion algorithm. Applied Soft Computing, 89:106076, 2020. ISSN 1568-4946. doi:
https://doi.org/10.1016/j.asoc.2020.106076. URL https://www.sciencedirect.

com/science/article/pii/S1568494620300168.

[3] K. Berntorp, K.-E. Arzen, and A. Robertsson. Mobile manipulation with a kine-
matically redundant manipulator for a pick-and-place scenario. In Proceedings of the
IEEE International Conference on Control Applications, pages 1596–1602, 10 2012.
ISBN 978-1-4673-4503-3. doi: 10.1109/CCA.2012.6402361.

[4] N. C. N. Doan and W. Lin. Optimal robot placement with consideration of redun-
dancy problem for wrist-partitioned 6r articulated robots. Robotics and Computer-
Integrated Manufacturing, 48:233–242, 2017. ISSN 0736-5845. doi: https://doi.
org/10.1016/j.rcim.2017.04.007. URL https://www.sciencedirect.com/science/

article/pii/S0736584516301363.

[5] E. Dube and L. R. Kanavathy. Optimizing three-dimensional bin packing through
simulation. In Proceedings of the IASTED International Conference on Modelling,
Simulation, and Optimization, September 2006.

[6] A. Engelbrecht. Particle swarm optimization: Velocity initialization. In 2012 IEEE
Congress on Evolutionary Computation, pages 1–8, 2012. doi: 10.1109/CEC.2012.
6256112.

[7] Q. Fan, Z. Gong, B. Tao, Y. Gao, Z. Yin, and H. Ding. Base position optimiza-
tion of mobile manipulators for machining large complex components. Robotics
and Computer-Integrated Manufacturing, 70:102138, 2021. ISSN 0736-5845. doi:

https://realpython.com/python-sockets/#python-socket-api-overview
https://realpython.com/python-sockets/#python-socket-api-overview
https://www.sciencedirect.com/science/article/pii/S1568494620300168
https://www.sciencedirect.com/science/article/pii/S1568494620300168
https://www.sciencedirect.com/science/article/pii/S0736584516301363
https://www.sciencedirect.com/science/article/pii/S0736584516301363


96 | Bibliography

https://doi.org/10.1016/j.rcim.2021.102138. URL https://www.sciencedirect.

com/science/article/pii/S0736584521000235.

[8] P. Fernandes, R. Oliveira, and J. Fonseca Neto. Trajectory planning of autonomous
mobile robots applying a particle swarm optimization algorithm with peaks of diver-
sity. Applied Soft Computing, 116:108108, 2022. ISSN 1568-4946. doi: https://doi.
org/10.1016/j.asoc.2021.108108. URL https://www.sciencedirect.com/science/

article/pii/S1568494621009959.

[9] G. Fragapane, H.-H. Hvolby, F. Sgarbossa, and J. O. Strandhagen. Autonomous
mobile robots in hospital logistics. In B. Lalic, V. Majstorovic, U. Marjanovic,
G. von Cieminski, and D. Romero, editors, Advances in Production Management
Systems. The Path to Digital Transformation and Innovation of Production Manage-
ment Systems, pages 672–679, Cham, 2020. Springer International Publishing. ISBN
978-3-030-57993-7.

[10] A. G. Gad. Particle swarm optimization algorithm and its applications: a systematic
review. Archives of computational methods in engineering, 29(5):2531–2561, 2022.

[11] M. Gadaleta, G. Berselli, and M. Pellicciari. Energy-optimal layout design of
robotic work cells: Potential assessment on an industrial case study. Robotics
and Computer-Integrated Manufacturing, 47:102–111, 2017. ISSN 0736-5845. doi:
https://doi.org/10.1016/j.rcim.2016.10.002. URL https://www.sciencedirect.

com/science/article/pii/S0736584515301484. SI: FAIM 2015.

[12] S. Ganguly, N. Sahoo, and D. Das. Multi-objective particle swarm optimization
based on fuzzy-pareto-dominance for possibilistic planning of electrical distribution
systems incorporating distributed generation. Fuzzy Sets and Systems, 213:47–73,
2013. ISSN 0165-0114. doi: https://doi.org/10.1016/j.fss.2012.07.005. URL https:

//www.sciencedirect.com/science/article/pii/S0165011412002916. Theme:
Decision and Optimisation.

[13] K. Gao, J. Xin, H. Cheng, D. Liu, and J. Li. Multi-mobile robot autonomous navi-
gation system for intelligent logistics. In 2018 Chinese Automation Congress (CAC),
pages 2603–2609, 2018. doi: 10.1109/CAC.2018.8623343.

[14] K. Harada, T. Tsuji, K. Kikuchi, K. Nagata, H. Onda, and Y. Kawai. Base position
planning for dual-arm mobile manipulators performing a sequence of pick-and-place
tasks. In 2015 IEEE-RAS 15th International Conference on Humanoid Robots (Hu-
manoids), pages 194–201, 2015. doi: 10.1109/HUMANOIDS.2015.7363551.

[15] F. H. Heppner and U. Grenander. A Stochastic Nonlinear Model for Coordinated

https://www.sciencedirect.com/science/article/pii/S0736584521000235
https://www.sciencedirect.com/science/article/pii/S0736584521000235
https://www.sciencedirect.com/science/article/pii/S1568494621009959
https://www.sciencedirect.com/science/article/pii/S1568494621009959
https://www.sciencedirect.com/science/article/pii/S0736584515301484
https://www.sciencedirect.com/science/article/pii/S0736584515301484
https://www.sciencedirect.com/science/article/pii/S0165011412002916
https://www.sciencedirect.com/science/article/pii/S0165011412002916


| Bibliography 97

Bird Flocks, pages 233–238. American Association for the Advancement of Science
(AAAS), 1990. doi: 10.1007/978-3-319-32552-1_58.

[16] J. Hunt. Sockets in Python, pages 457–470. Springer International Publishing, Cham,
2019. ISBN 978-3-030-25943-3. doi: 10.1007/978-3-030-25943-3_39. URL https:

//doi.org/10.1007/978-3-030-25943-3_39.

[17] Y. K. Hwang and P. Watterberg. Optimizing robot placement for visit-point tasks.
In Proceedings of the AI Manufacturing Research Planning Workshop, pages 11–16.
AAAI Press, 1996. URL https://cdn.aaai.org/SIGMAN/1996/SIGMAN96-011.pdf.

[18] A. Iriondo, E. Lazkano, L. Susperregi, J. Urain, A. Fernandez, and J. Molina. Pick
and place operations in logistics using a mobile manipulator controlled with deep
reinforcement learning. Applied Sciences, 9(2), 2019. ISSN 2076-3417. doi: 10.3390/
app9020348. URL https://www.mdpi.com/2076-3417/9/2/348.

[19] M. Juneja and S. K. Nagar. Particle swarm optimization algorithm and its parame-
ters: A review. In 2016 International Conference on Control, Computing, Commu-
nication and Materials (ICCCCM), pages 1–5, 2016. doi: 10.1109/ICCCCM.2016.
7918233.

[20] B. Kamrani, V. Berbyuk, D. Wäppling, et al. Optimal robot placement using response
surface method. Int J Adv Manuf Technol, 44(1):201–210, 2009. doi: 10.1007/
s00170-008-1824-7.

[21] J. Kennedy and R. Eberhart. Particle swarm optimization. In Proceedings of ICNN’95
- International Conference on Neural Networks, volume 4, pages 1942–1948 vol.4,
1995. doi: 10.1109/ICNN.1995.488968.

[22] S. Komsiyah. Computational methods of gaussian particle swarm optimization (gpso)
and lagrange multiplier on economic dispatch issues (case study on electrical system
of java-bali iv area). In EPJ Web of Conferences, volume 68, page 00014. EDP
Sciences, 2014.

[23] S. A. Kumar, R. Chand, R. P. Chand, and B. Sharma. Linear manipulator: Motion
control of an n-link robotic arm mounted on a mobile slider. Heliyon, 9(1):e12867,
2023. ISSN 2405-8440. doi: https://doi.org/10.1016/j.heliyon.2023.e12867. URL
https://www.sciencedirect.com/science/article/pii/S2405844023000749.

[24] Z. Y. Lim, P. S.G., and K. Izui. Nature inspired algorithms to optimize robot workcell
layouts. Applied Soft Computing, 49:570–589, 2016. ISSN 1568-4946. doi: https://doi.

https://doi.org/10.1007/978-3-030-25943-3_39
https://doi.org/10.1007/978-3-030-25943-3_39
https://cdn.aaai.org/SIGMAN/1996/SIGMAN96-011.pdf
https://www.mdpi.com/2076-3417/9/2/348
https://www.sciencedirect.com/science/article/pii/S2405844023000749


98 | Bibliography

org/10.1016/j.asoc.2016.08.048. URL https://www.sciencedirect.com/science/

article/pii/S1568494616304501.

[25] F. Marini and B. Walczak. Particle swarm optimization (pso). a tutorial. Chemo-
metrics and Intelligent Laboratory Systems, 149:153–165, 2015. ISSN 0169-
7439. doi: https://doi.org/10.1016/j.chemolab.2015.08.020. URL https://www.

sciencedirect.com/science/article/pii/S0169743915002117.

[26] E. Masehian and D. Sedighizadeh. A multi-objective pso-based algorithm for robot
path planning. In 2010 IEEE International Conference on Industrial Technology,
pages 465–470, 2010. doi: 10.1109/ICIT.2010.5472755.

[27] L. Ming, H. Hai, Z. Aimin, S. Yingde, L. Zhao, and Z. Xingguo. Modeling of mechan-
ical properties of as-cast mg-li-al alloys based on pso-bp algorithm *hao hai. China
Foundry, 9, 05 2012.

[28] S. Mitsi, K.-D. Bouzakis, D. Sagris, and G. Mansour. Determination of optimum
robot base location considering discrete end-effector positions by means of hybrid
genetic algorithm. Robotics and Computer-Integrated Manufacturing, 24(1):50–59,
2008. ISSN 0736-5845. doi: https://doi.org/10.1016/j.rcim.2006.08.003. URL https:

//www.sciencedirect.com/science/article/pii/S0736584506001025.

[29] S. Mohan, D. Maiti, and D. Maity. Structural damage assessment using frf employing
particle swarm optimization. Applied Mathematics and Computation, 219(20):10387–
10400, 2013. ISSN 0096-3003. doi: https://doi.org/10.1016/j.amc.2013.04.016. URL
https://www.sciencedirect.com/science/article/pii/S0096300313004165.

[30] U. Nassal, M. Damm, and T. Lueth. Mobile Manipulation: A Mobile Platform Sup-
porting a Manipulator System for an Autonomous Robot. Society of Manufacturing
Engineers, 1994.

[31] E. Ozcan and C. K. Mohan. Analysis of a simple particle swarm optimization system.
Intelligent engineering systems through artificial neural networks, 8:253–258, 1998.

[32] N. Padhye, K. Deb, and P. Mittal. Boundary handling approaches in particle swarm
optimization. In Proceedings of Seventh International Conference on Bio-Inspired
Computing: Theories and Applications (BIC-TA 2012) Volume 1, pages 287–298.
Springer, 2013.

[33] P. C. Patic, M. Mainea, L. Pascale, and G. Mantescu. Designing a mobile robot
used for access to dangerous areas. In 2017 International Conference on Control,

https://www.sciencedirect.com/science/article/pii/S1568494616304501
https://www.sciencedirect.com/science/article/pii/S1568494616304501
https://www.sciencedirect.com/science/article/pii/S0169743915002117
https://www.sciencedirect.com/science/article/pii/S0169743915002117
https://www.sciencedirect.com/science/article/pii/S0736584506001025
https://www.sciencedirect.com/science/article/pii/S0736584506001025
https://www.sciencedirect.com/science/article/pii/S0096300313004165


| Bibliography 99

Artificial Intelligence, Robotics Optimization (ICCAIRO), pages 60–65, 2017. doi:
10.1109/ICCAIRO.2017.21.

[34] C. Reynolds. Flocks, herds, and schools: A distributed behavioral model. ACM
SIGGRAPH Computer Graphics, 21:25–34, 07 1987. doi: 10.1145/280811.281008.

[35] H. O. G. L. Q. Z. Runhai Jiao, Xujian Huang and Z. Jiang. Optimal electric business
centre location by centre–decentre quantum particle swarm optimization. Systems
Science & Control Engineering, 7(1):222–233, 2019. doi: 10.1080/21642583.2019.
1627597. URL https://doi.org/10.1080/21642583.2019.1627597.

[36] H. Seraji. Reachability analysis for base placement in mobile manipulators. J. Field
Robotics, 12:29–43, 1995. URL https://api.semanticscholar.org/CorpusID:

30985070.

[37] Y. Shi and R. Eberhart. A modified particle swarm optimizer. In 1998 IEEE
International Conference on Evolutionary Computation Proceedings. IEEE World
Congress on Computational Intelligence (Cat. No.98TH8360), pages 69–73, 1998.
doi: 10.1109/ICEC.1998.699146.

[38] Y. Shi and R. Eberhart. Empirical study of particle swarm optimization. In Pro-
ceedings of Congress on Evolutionary Computation, volume 3, page 1950 Vol. 3, 02
1999. ISBN 0-7803-5536-9. doi: 10.1109/CEC.1999.785511.

[39] B. Siciliano, L. Sciavicco, L. Villani, and G. Oriolo. Robotics: Modelling, Plan-
ning and Control. Springer London, 2009. ISBN 978-1-84628-642-1. doi: 10.1007/
978-1-84628-642-1.

[40] D. Spensieri, J. S. Carlson, R. Bohlin, J. Kressin, and J. Shi. Optimal robot place-
ment for tasks execution. Procedia CIRP, 44:395–400, 2016. ISSN 2212-8271. doi:
https://doi.org/10.1016/j.procir.2016.02.105. URL https://www.sciencedirect.

com/science/article/pii/S2212827116003875. 6th CIRP Conference on Assem-
bly Technologies and Systems (CATS).

[41] J. Tan and N. Xi. Integrated task planning and control for mobile manipulators. In
Proceedings 2002 IEEE International Conference on Robotics and Automation (Cat.
No.02CH37292), volume 1, pages 382–387 vol.1, 2002. doi: 10.1109/ROBOT.2002.
1013390.

[42] L. Tian and C. Collins. Optimal placement of a two-link planar manipulator using a
genetic algorithm. Robotica, 23(2):169–176, 2005. doi: 10.1017/S0263574705001694.

[43] J. Trevelyan, W. Hamel, and S.-C. Kang. Robotics in hazardous applica-

https://doi.org/10.1080/21642583.2019.1627597
https://api.semanticscholar.org/CorpusID:30985070
https://api.semanticscholar.org/CorpusID:30985070
https://www.sciencedirect.com/science/article/pii/S2212827116003875
https://www.sciencedirect.com/science/article/pii/S2212827116003875


100 | Bibliography

tions. In Springer Handbook of Robotics, pages 1521–1548. Springer, 2016. ISBN
9783319325507. doi: 10.1007/978-3-319-32552-1_58.

[44] G.-C. Vosniakos and E. Matsas. Improving feasibility of robotic milling through
robot placement optimisation. Robotics and Computer-Integrated Manufactur-
ing, 26(5):517–525, 2010. ISSN 0736-5845. doi: https://doi.org/10.1016/j.
rcim.2010.04.001. URL https://www.sciencedirect.com/science/article/pii/

S0736584510000256.

[45] D. Wang, D. Tan, and L. Liu. Particle swarm optimization algorithm: an overview.
Soft computing, 22(2):387–408, 2018.

[46] E. O. Wilson. Sociobiology: The New Synthesis. Belknap Press, Cambridge, MA,
1975.

[47] N. Wu, D. Jia, Z. Li, and Z. He. Trajectory planning of robotic arm based on particle
swarm optimization algorithm. Applied Sciences, 14(18), 2024. ISSN 2076-3417. doi:
10.3390/app14188234. URL https://www.mdpi.com/2076-3417/14/18/8234.

[48] J. Xu, K. Harada, W. Wan, T. Ueshiba, and Y. Domae. Planning an efficient and
robust base sequence for a mobile manipulator performing multiple pick-and-place
tasks. In 2020 IEEE International Conference on Robotics and Automation (ICRA),
pages 11018–11024, 2020. doi: 10.1109/ICRA40945.2020.9196999.

[49] T. Xue, L. Li, L. Shuang, D. Zhiping, and P. Ming. Path planning of mobile robot
based on improved ant colony algorithm for logistics. Mathematical Biosciences and
Engineering, 18(4):3034–3045, 2021. doi: 10.3934/mbe.2021152.

[50] J. Yang, L. He, and S. Fu. An improved pso-based charging strategy of electric
vehicles in electrical distribution grid. Applied Energy, 128:82–92, 2014.

[51] J. J. Yang, W. Yu, J. Kim, and K. Abdel-Malek. On the placement of
open-loop robotic manipulators for reachability. Mechanism and Machine The-
ory, 44(4):671–684, 2009. ISSN 0094-114X. doi: https://doi.org/10.1016/j.
mechmachtheory.2008.05.004. URL https://www.sciencedirect.com/science/

article/pii/S0094114X08001006.

[52] H. Zang, S. Zhang, and K. Hapeshi. A review of nature-inspired algorithms. Jour-
nal of Bionic Engineering, 7:S232–S237, 2010. ISSN 1672-6529. doi: https://
doi.org/10.1016/S1672-6529(09)60240-7. URL https://www.sciencedirect.com/

science/article/pii/S1672652909602407.

[53] N. Zeng, H. Qiu, Z. Wang, W. Liu, H. Zhang, and Y. Li. A new switching-delayed-

https://www.sciencedirect.com/science/article/pii/S0736584510000256
https://www.sciencedirect.com/science/article/pii/S0736584510000256
https://www.mdpi.com/2076-3417/14/18/8234
https://www.sciencedirect.com/science/article/pii/S0094114X08001006
https://www.sciencedirect.com/science/article/pii/S0094114X08001006
https://www.sciencedirect.com/science/article/pii/S1672652909602407
https://www.sciencedirect.com/science/article/pii/S1672652909602407


8| BIBLIOGRAPHY 101

pso-based optimized svm algorithm for diagnosis of alzheimer’s disease. Neuro-
computing, 320:195–202, 2018. ISSN 0925-2312. doi: https://doi.org/10.1016/j.
neucom.2018.09.001. URL https://www.sciencedirect.com/science/article/

pii/S0925231218310531.

[54] Y. Zhang, D. Gallipoli, and C. Augarde. Parameter identification for elasto-
plastic modelling of unsaturated soils from pressuremeter tests by parallel modi-
fied particle swarm optimization. Computers and Geotechnics, 48:293–303, 2013.
ISSN 0266-352X. doi: https://doi.org/10.1016/j.compgeo.2012.08.004. URL https:

//www.sciencedirect.com/science/article/pii/S0266352X12001681.

[55] Y. Zhang, S. Wang, and G. Ji. A comprehensive survey on particle swarm optimiza-
tion algorithm and its applications. Mathematical problems in engineering, 2015(1):
931256, 2015.

https://www.sciencedirect.com/science/article/pii/S0925231218310531
https://www.sciencedirect.com/science/article/pii/S0925231218310531
https://www.sciencedirect.com/science/article/pii/S0266352X12001681
https://www.sciencedirect.com/science/article/pii/S0266352X12001681



	
	Abstract
	Abstract in lingua italiana
	Ringraziamenti
	Contents
	List of Figures
	List of Tables
	Introduction
	Optimization of robotized work cells
	Thesis purpose and achievements
	Thesis structure

	Literature review
	Mobile manipulators
	Optimal base placement of robotic manipulators
	Optimization strategies
	Main contributions of this work

	Optimal placement of the objects inside the bins
	Optimal 3D packing through simulation
	Problem formalization
	Best Fit Algorithm

	Implementation of the Best Fit algorithm
	Modified version of the Best Fit algorithm

	Optimal placement of the manipulator's base
	Particle Swarm Optimization
	Explaination of the algorithm
	The parameters
	Initialization
	Boundary handling approaches

	Employment of the PSO for a simplified case
	Manipulability evaluation 
	Algorithm implementation

	Example
	Simulation environment setup
	Boundaries computation
	Results of the example
	General consideration based on the example


	Sequencing strategy
	Initial assumptions and problem formulation
	Problem formulation

	Packing strategy
	Cost function evaluation
	Boundaries computation
	Manipulability dataset
	Transition time dataset

	Overall procedure

	Interaction between Python and Tecnomatix Process Simulate
	Socket communication
	Data exchange
	Python code
	C# code
	Final considerations on the data exchange


	An industrially relevant use case
	Problem formulation and setup
	Boundaries of the search space
	Normalization parameters

	Results
	Place side objects definition
	Comparison of the three runs

	Comparison with a fixed base placement strategy

	Conclusions and future developments
	Future works

	Bibliography

