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1. Introduction

Modern industrial automation relies more and
more on robotic systems to enhance productivity
and precision. Mobile manipulators, combining
the possibility to move of a movable base with
the ability to interact with the environment of a
robotic arm, are particularly advantageous for a
multitude of tasks, ranging from logistics to bin
packing. However, the efficiency of such systems
critically depends on the placement of the ma-
nipulator’s base, especially when its movement
is constrained to a linear guide. In this work,
the goal is to compute, before the actual deploy-
ment on the real system, an optimal sequence of
base positions and corresponding pick-and-place
operations for a six-degrees-of-freedom manipu-
lator mounted over a linear guide, employed for
packing operations of objects belonging to dif-
ferent categories.

2. State of the art

A mobile manipulator is a system that integrates
a mobile base with a manipulator, combining the
movement of the former together with the pos-
sibility of the latter to interact and manipulate

objects. For their flexibility, precision, and abil-
ity to adapt to dynamic scenarios, mobile ma-
nipulators represent a precious resource that has
been used in a variety of fields, with applications
from logistics to hazardous environments.

The right 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 uti-
lized. The goal of the optimization can vary
a lot, depending on the application and re-
quirements. In literature several solutions can
be found, based on criteria such as reachabil-
ity [12], cycle time [10] or energy consumption
[4]. Among the optimization techniques, Par-
ticle Swarm Optimization (PSO) results to be
particularly effective due to its simplicity, min-
imal parameter tuning requirements, fast con-
vergence, and versatility across a wide range of
optimization problems. PSO is an evolutionary
algorithm inspired by the collective behavior of
flocks of birds and schools of fish introduced by
Kennedy and Eberhart in 1995 ([5]), that works
by adjusting the position of a set of particles in a
search space, leveraging both individual and col-



lective experience to converge toward the opti-
mal solution. Several studies have demonstrated
its effectiveness in robotic applications such as
trajectory planning [11], path planning [6] and
robot’s base placement [1].

Despite the widespread application of PSO in
robotics, its use to optimize the placement of
the base of a manipulator constrained to a lin-
ear guide is still an under-explored area. 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 mobile ma-
nipulator mounted over a linear guide, employed
for multiple pick and place operations. The main
contributions of this work are:

1. integration of a packing procedure and a
base placement optimization;

2. PSO employment for the best placement is-
sue of a manipulator mounted over a linear
guide;

3. implementation of a sequencing strategy
that accounts for both manipulability and
cycle time.

3. Optimal placement of the ob-
jects inside the bins

The first thing that needs to be defined in order
to find the best sequence of base positions and
pick-and-place operations required for packing
are the placement points of the objects in the
scene. This problem has been solved through the
implementation of a slightly modified version of
the Best Fit algorithm, proposed by Dube et al.
(2006) [2].

Each object in the scene is assumed to be
rectangular-shaped and belonging to a category.
Analogously, there will be a set of boxes whose
belonging type is known. The goal of the algo-
rithm is to find the arrangement of the objects
inside the boxes that minimizes the unused vol-
ume, while ensuring that each box contains only
objects of the correct type according to its capac-
ity. Consider that for each item in the scene (ei-
ther boxes or objects) it is known its dimensions
(width, height and depth), weight and belong-
ing type. The algorithm [2] first selects a bin,
then for each object, attempts to place it inside
it at a candidate pivot point and verifies that
it does not overlap with already placed items
or exceeds the bin’s dimensions. If for the can-
didate pivot point the object does not fit, it is

rotated, by swapping the values of width, height
and depth. The algorithm tries all the six pos-
sible rotations (Figure 1) until either a fitting
orientation is found or all rotations have been
considered.
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Figure 1: Representation of the six possible ro-
tation configurations of an item.

If the object does not fit in the considered pivot
point, a new one is selected and the process is
repeated. If all available pivot points are ex-
hausted without finding a suitable placement,
the object is set aside to be packed in another
box. The process continues until all the objects
are correctly packed inside the boxes.

The algorithm was originally implemented in the
3dbinpacking ! repository , which successfully
handles the packing problem by managing ro-
tations, pivot point calculations, and the over-
all packing procedure. The implementation also
accounts for the weight of the objects and the
weight capacity of the bins.

For the specific problem addressed in this work,
several modifications were made. Consider-
ing the employment of a 6-DOF manipulator
equipped with a suction cup, which requires the
top surface to remain upward, the feasible rota-
tions were reduced from six to two (Figure la
and Figure 1b). Additionally, the implementa-
tion was enhanced to differentiate between vari-
ous object types by processing them in separate
instances. Finally, some modifications were in-
troduced to compute object centers and apply
an offset for the position of the back lower left

'The repository can be found at: https://github.
com/enzoruiz/3dbinpacking
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corner of the box, initially considered placed in
(0, 0, 0).

At the end, it will be obtained the set of tar-
get positions of the objects inside the boxes, ex-
pressed making reference to their center.

4. Optimal placement of the
manipulator’s base

For each pick-and-place operation performed by
the 6-DOF manipulator, required to pack all the
objects inside the boxes, there is the need of
defining the best base position along the guide
(Figure 2).

6-DOF manipulator

Linear guide

Figure 2: 3D representation of a 6-DOF manip-
ulator mounted over a linear guide.

To this purpose, Particle Swarm Optimization
(PSO), proposed by Kennedy and Eberhart [5],
is employed. In this work, each particle in the
swarm represents a candidate position for the
manipulator’s base along the linear guide. The
PSO evolution works by iteratively updating
particles’ positions based on their fitness, which
is defined by the mean kinematic manipulability
during the pick and place operation considered:

1
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where T is the number points at which the
manipulability has been evaluated and w(t) is
the absolute value of the Jacobian’s determi-
nant computed at the discrete time step t. The
manipulability is computed using the Tecno-
matix Process Simulate software, developed by
Siemens, communicating with Python, where

the algorithm is developed, through a socket
communication. The digital twin of the robot is
used to simulate the pick-and-place operation,
then the trajectory is discretized with a 0.09s
time step in order to compute the fitness. Par-
ticles update their velocity and position itera-
tively, by considering their personal best (cog-
nitive component) and the global best (social
component) in order to converge to the solution
that maximizes the manipulability. The equa-
tions used are:
e position update:

xi(t + 1) = l’z(t) + Ui(t + 1)
e velocity update:

vi(t 4+ 1) = wui(t) + c1m (pi . a:z(t))
+ corg (g —x; (t))

where p; is the best position found by par-
ticle i is so far, g is the global best position
found by the swarm, w is the inertia weight
(introduced by Shi et al. (1998) [8]), ¢ and
co are respectively the cognitive and social
coefficients and r1, 9 are two random num-
bers inside the interval [0,1].
In our setup, the inertia weight w is designed
to decrease linearly, over the iterations, from an
initial value of 0.9 to a final value of 0.4 ([8] [9]),
to promote global exploration during the early
stages, and favor local exploitation toward the
end. The cognitive and social coefficients are
set equal to 2.0, as suggested by Kennedy and
Eberhart [5].
Being the PSO an iterative algorithm, it requires
an appropriate initialization of particles’ posi-
tions and velocities. Particles’ positions are ini-
tialized uniformly across the search space, while
velocities are initially set to random values be-
tween -1 and 1 to avoid the divergence of the
algorithm [3]. To ensure feasibility, the set on
boundary bound handling method [7] is applied,
restricting the search space only to the set of
positions where the manipulator can reach both
the pick point and the place point. According to
this approach, whenever a particle exceeds the
bounds of the search space, it is repositioned on
the boundary.

5. Sequencing strategy

A sequencing algorithm has been developed to
determine the best order of operations and cor-



responding base positions for the manipulator to
pack the objects inside the bins (Figure 3).

6-DOF manipulator

Boxes objects
are going to be packed

Figure 3: 3D representation of the 6-DOF ma-
nipulator mounted over a linear guide employed
for packing.

The solution is constructed step-by-step using a
cost function that balances mean manipulability
and cycle time.

First, the modified Best Fit algorithm deter-
mines the place side objects (positions inside the
bins where objects have to be be placed), while
objects in the pallet define the pick side objects
set (Figure 4).

T,

(b) Pick side objects.

Figure 4: Representation of the place side and
pick side objects.

The goal is to optimally pair each place side ob-

ject with a pick side object and find the best
manipulator base position for the execution of
the pick-and-place operation.

To achieve this, for each place side object of a
given type in a generic bin, the PSO algorithm
is applied iteratively for each pick side object of
the same type still inside the pallet, computing
the optimal base position that maximizes mean
manipulability during the pick-and-place opera-
tion considered. This results in a set of possi-
ble base positions, each associated to a specific
pick side object, that are then evaluated using a
weighted cost function:

C = ’UJmM —th

where M represents the normalized manipulabil-
ity measure, T is the normalized transition time,
and wy and w,, are two weighting factors.

The normalization method used is the Z-Score
normalization, also known as standardization:
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The normalization parameters are obtained from
two pre-computed datasets containing manip-
ulability and transition time values associated
to various pick-and-place operations, randomly
generated.

Among the candidate base positions, the one
that maximizes the cost function is selected and
the association between the place side object, the
pick side object and the optimal base position is
established. Then, the selected pick side object
is removed from the set, the position of the base
is updated and the process is repeated again for
the next place side object, until a complete se-
quence is obtained.

As previously mentioned, the algorithm is de-
signed to handle multiple object types, ensuring
that each item is placed in the appropriate bin
according to its category. This is achieved by
considering one object type at a time. First the
type is selected, then for the current type a bin
is chosen. The algorithm iterates through the
place side objects of the current bin and deter-
mines the optimal sequence, then moves to the
next bin. Once all bins of a type are packed,
it moves to the next type until all the objects
across all types, have been packed.



By the end of its execution, the algorithm pro-
vides the fully optimized sequence of pick-and-
place operations that the robot must follow to
pack all the objects inside the pallet into their
designated bins. In addition, for each operation,
it determines the optimal position for the ma-
nipulator’s base along the linear guide, ensuring
that the manipulability measure is maximized.
For a better understanding, the pseudocode of
the overall algorithm is exposed in 1.

Algorithm 1 Sequencing algorithm

1: for each type I € {A, B, ..., M} do
2: run Best Fit algorithm for type I and store object po-
sitions in boxes By
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 b; € By do
7 for each place side object in b; do
8 best _base_position +
9: max_ cost <— —oo
10: for each pick side object in Oy do
11 base_position — run
PSO(pick_side_object, place _side _object)
12: cost < evaluate cost function(base position)
13: if cost > max_cost then
14: mazx__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 Oy
22: current _base_ position < best_base_position
23: end for
24: end for
25: end for
26: return sequence of optimal base positions and opera-
tions =0

6. Use case

The proposed approach is applied to the packing
problem of six rectangular-shaped objects inside
two distinct boxes. The objects are divided into
two types:
e type 0: (width: 75 mm, height: 150 mm,
depth: 80 mm);
e type 1: (width: 100 mm, height: 70 mm,
depth: 80 mm)
The weight of each objects is equal to 1kg, while
each box (width: 300 mm, height: 200 mm,
depth: 130mm) has a maximum weight capacity
of 20 kg. The manipulator employed is a GoFa
CRB 15000 (a 6-DOF manipulator) equipped

with a suction cup that operates on a linear
guide, whose length is equal to 3000 mm. A
representation of the scene is provided in Figure

D.

Objects of type 1

Figure 5: 3D representation of the scene.

The motion of the manipulator’s base along the
guide follows the laws of the trapezoidal velocity
profile, with a = 0.9m/s? and v, = 0.7m/s.
The simulation was conducted using Tecnomatix
Process Simulate, where the digital twin of the
workspace was modeled. The environment in-
cludes the definition of the reference frames for
the robot’s joints, according to the Denavit-
Hartenberg convention. To guarantee the solu-
tion’s feasibility, the boundaries of the search
space where defined as:

e lower bound: -300;

e upper bound: 290.
Three distinct runs of the algorithm were exe-
cuted, varying the number of iterations (S) and
particles (Npart) of the PSO (Table 1).

S Npa’rt
First run 10 15

Second run 20 20
Third run 50 20

Table 1: PSO parameters of the three runs per-
formed

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.



From the results obtained, it is observed that
the three runs produced similar results, with mi-
nor differences in the optimal placement of the
manipulator’s base. The second run (S=20 and
Npart=20) results to be the most effective, bal-
ancing computational time and solution quality.
The first run, while computationally efficient,
risked premature convergence to suboptimal so-
lutions, while the third run did not yield suffi-
cient improvement to the solution to justify its
increased runtime.

Comparing the optimized base placement, based
on the PSO algorithm, to a fixed base strategy
(in x=-5, at the center of the search space) it
is possible to note that the optimized approach
improves the mean manipulability by 12.18%,
reducing the likelihood of the robot ending up in
singularity configurations, at the marginal cost
of a 6.37% increase in cycle time.

7. Conclusion

The proposed method optimizes the optimal se-
quence of operations and the base placement of a
robotic manipulator used for packing operations
in the pre-deployment phase, ensuring that task
execution is optimized before actual implemen-
tation on the real system. By integrating the
Best Fit algorithm, Particle Swarm Optimiza-
tion (PSO), and an optimized sequencing strat-
egy, the method enhances manipulability while
balancing cycle time. The application of the al-
gorithm to the use case of interest demonstrated
a 12.18% increase in manipulability at the cost
of a 6.37% longer cycle time with respect to a
fized base strategy, confirming its suitability for
industrial applications where reliability is essen-
tial. Future developments could include adapt-
ing the approach for irregular-shaped objects
and implementing an adaptive PSO framework
to improve computational efficiency.
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