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Abstract

Energy efficiency is a challenging research topic in robotics, since it can reduce operating
costs and increase production sustainability. In this paper, we present a strategy for energy-
efficient trajectory planning in redundant robotic systems. The proposed approach aims
at optimizing the solution of inverse kinematics at each of the waypoints that define the
considered task, so as to minimize the energy consumption. The approach is validated
with simulations and bespoke experiments on two different robotic systems with seven
and eight degrees of freedom (DOFs). Two test cases are considered, i.e., a point-to-point
motion and a pick-and-place task. The experimental results quantify the energy saving
capabilities of the proposed approach up to 82.54% and 94.28% with the seven-DOF and
eight-DOF robots, respectively, with respect to reference cases.

Keywords: energy efficiency; kinematic redundancy; motion planning; optimization;
robotics; sustainability

1. Introduction

In recent years, the industrial sector has experienced a steady increase in the deploy-
ment of robotic systems, since robots can support or replace human operators in dangerous
and repetitive tasks, while increasing productivity and process quality [1]. Nevertheless,
this trend has resulted in a growth in the overall energy demand [2]. As a consequence,
improving energy efficiency in robotics has become a key factor for the sustainable de-
velopment of modern industry [3,4]. This need is also emphasized by the Sustainable
Development Goals (SDGs) of the United Nations [5], as in the SDG9 (Industry, Innovation,
and Infrastructure), and in the SDG12 (Responsible Consumption and Production).

The reduction in energy consumption in robotic systems can be achieved through
several strategies. These include the design and optimization of the robot’s physical
structure [6], the integration of energy-efficient components such as regenerative drives [7],
as well as the optimization of the configuration of modular robots [8]. Furthermore,
alternative approaches to minimize the energy expenditure are the optimization and
exploitation of joint elastic properties [9,10], the optimal positioning of the task within the
robot workspace [11,12], the optimization of the execution time [13,14], and motion law
parameters [15-17].
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When dealing with redundant robotic systems, leveraging kinematic redundancy
could be a further strategy to achieve energy efficiency. A robotic system is considered
kinematically redundant when its number N of degrees of freedom (DOFs) exceeds the
number R of operational space variables required to describe a pre-defined task [18]. Re-
dundancy increases the flexibility of redundant robots with respect to non-redundant ones,
since it can be exploited to fulfill a secondary task (e.g., collision avoidance, manipulability
maximization, or energy efficiency), without altering the motion of the end-effector during
the execution of the desired primary operation [19]. In the literature, a wide range of
redundancy resolution approaches has been investigated. For example, the solution to
the inverse kinematics problem can be obtained with the purpose of avoiding collisions
and singularities and maximizing manipulability. In this context, Monari et al. present an
approach that relies on null space projection to avoid collisions [20]. Differently, the authors
in [21] propose avoiding self-collisions by adding an interference vector, obtained from
reinforcement learning, to the joint velocities in the computation of the pseudo-inverse
of the Jacobian matrix. The authors in [22] consider null space projection for avoiding
singularities, solving the inverse kinematics problem locally. Moreover, Vu et al. present an
approach for finding the solution of the inverse kinematics that maximizes the manipulabil-
ity thanks to an artificial neural network [23]. Nguyen et al. achieve several secondary tasks,
i.e., collision avoidance, manipulability maximization, and singularity avoidance through
null space projection [24]. Kinematic redundancy can also be exploited for respecting
joint limits. An example is the Saturation in the Null Space (SNS) approach [25,26], which
considers joint limits as hard constraints. That approach adopts null space projection and a
task-scaling strategy for redistributing the joints motion in order to ensure task feasibility.

Energy efficiency is another secondary task that can be fulfilled through optimal redun-
dancy resolution. Doan et al. propose to minimize the consumed energy during a welding
operation by optimizing the end-effector torch angle with a modified particle swarm opti-
mization scheme, also avoiding collisions and joint limits [27]. Ruiz et al. consider motion
predictive control for finding the energy-optimal position of the redundant joints in a
planar parallel robot, keeping it steady during motion [28]. Furthermore, the authors in [29]
propose reducing the energy expenditure through the optimization of the Cartesian inertia
of the robot, whereas Li et al. propose an energy-optimal redundancy resolution approach
combining deep reinforcement learning and an artificial neural network [30].

Differently from previous approaches, in this paper we present a strategy for energy-
efficient trajectory planning in redundant robotic systems, based on the optimization of
the position of selected redundant joints at each of the waypoints that define the task to
be executed, given the total execution time. In this manner, the solution of the inverse
kinematics is not left to chance, but it is selected through an optimization procedure that
aims at maximizing the energetic performance of the system. The proposed approach
is validated on two different robotic systems, i.e., a seven-DOF robotic manipulator and
eight-DOF robot (composed of a seven-DOF arm mounted on a linear axis). A point-to-
point motion and a pick-and-place task are adopted as test cases. The results of extensive
numerical simulations and experimental tests allow us to quantify the actual savings of
the proposed approach, and demonstrate its capability to reduce energy consumption with
respect to reference trajectories. The experimental results highlight a percentage reduction
of energy consumption up to 82.54% with the seven-DOF arm, and up to 94.28% with the
eight-DOF robot.

This work is an extended version of our previous conference paper in [31]. With re-
spect to [31], the following improvements are implemented here: (i) the evaluation of
the performance of the proposed approach considering two robotic systems with a differ-
ent degree of redundancy, to demonstrate the modularity and scalability of our strategy;
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(ii) the comparison with the Saturation in the Null Space approach in [25]; (iii) the results
of an extensive experimental validation of the proposed approach, assessing the energy
consumption reduction with respect to reference trajectories.

The paper is organized as follows: Section 2 describes the proposed approach for
achieving energy efficiency in redundant robotic systems. Section 3 illustrates the consid-
ered case studies. Section 4 reports the numerical results and the comparison with the SNS
approach, whereas the experimental validation of the proposed approach is illustrated in
Section 5. Finally, Section 6 concludes the work.

2. Kinematic Redundancy for Energy Efficiency

In this paper, an approach for minimizing the energy consumption of redundant
robotic systems is proposed. The strategy exploits kinematic redundancy to optimize the
solution of the inverse kinematic problem and define an energy-optimal trajectory of the
robot. The proposed approach takes as inputs a sequence of waypoints defined in the 3D
space as positions and orientations that the end-effector of the robot has to reach during
its motion, and the time distances between each pair of consecutive waypoints (with a
total execution time T). Before the optimization, a number of joints equal to the degree of
redundancy (N — R) of the considered robotic system is considered. Then, the proposed
strategy aims at optimizing the position g* of the selected set of redundant joints for
each waypoint. In this way, the positions of the redundant joints g* are considered as
optimization variables, enabling the algorithm to obtain the optimal solution of the inverse
kinematic problem at each waypoint by adjusting the robot configuration, without altering
the desired end-effector pose. Once the joint configuration is defined for each waypoint,
the joint-space trajectory (g, 4, §) is derived through interpolation between the waypoints.

The joint torques required to drive the robot along the desired trajectory can be
computed as:

T=M(q)j+C(q,4)q+g(q) +Ff 1)

where M(q) is the mass matrix and C(g, §) accounts for the Coriolis and centrifugal effects,
whereas g(g) represents the gravitational term. Furthermore, Fy takes the friction effects
into account. The optimization problem presented in this work is formulated as:

N T
min E  where E = E / P;dt (2)

where P; represents the mechanical power of the i-th joint of the N-DOF robot computed
from the absolute values of the corresponding joint torque and joint velocity. E accounts for
the total mechanical energy required by the robot to execute the desired motion, including
the energy needed during both the acceleration and deceleration phases. In this work,
regenerative effects and energy recovery during braking phases are not considered. This
choice is motivated by the fact that the majority of industrial robots are not equipped with
power regeneration systems and, therefore, cannot recover braking energy, which is instead
dissipated as heat on a resistor.
The optimization problem in Equation (2) is subject to the following constraints:
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Gmin < 4 < Gmax  Gmin, Gmax lower and upper joint position limits
| § 1< Gmax Gmax joint velocity limit
| § 1< Gmax {max joint acceleration limit
| 4 1< G ax 4 1nayx joint jerk limit )
| T|< Tmax Tinax joint torque limit
| P 1< Pmax Pmax end-effector velocity limit
| P 1< Pmax Pmax end-effector acceleration limit
| P 1< P oax P nax €nd-effector jerk limit

This paper focuses on mechanical energy, which is directly determined by the robot
trajectories and thus represents a relevant measure for evaluating the effectiveness of
the proposed optimization strategy in terms of energy expenditure. The robotic system is
modeled as an open kinematic chain of rigid bodies, and the joints are considered to be ideal
without clearance. The proposed approach assumes that the robot nominal kinematics and
dynamics parameters, along with its kinematics and dynamics limits, are known. Moreover,
this work does not account for uncertainty in the robot dynamics parameters.

3. Case Studies

In this section, we first describe the two redundant robotic systems considered in
this work. Then, the trajectories designed for evaluating the performance of the proposed
approach are presented.

3.1. 7-DOF Robot

In the first case study, we consider a Panda arm by Franka Robotics GmbH (Munich,
Germany) with seven degrees of freedom (Figure 1). The robot has an operational reach
equal to 855 mm, a pose repeatability of 0.1 mm, and a payload of 3 kg. The joint torques
and the consumed mechanical energy are computed as in Equation (1), considering the
dynamic model of the Panda arm identified in [32]. The model in [32] describes friction
forces as a sigmoidal function that also accounts for friction torques at low joint velocities.
In the considered test case, the robot executes the prescribed trajectories with no payload
applied to its end-effector.

Z
End-effector
reference frame 1

Base
reference
frame 4

Figure 1. Representation of the 7-DOF robot considered in the first test case.

If a six-dimensional task is considered, the degree of redundancy of the arm is equal
to N — R = 1. In this case, the position g* of only one joint of the robot is selected for the
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energy-efficient optimization at each path point. In different independent optimizations,
all joints of the seven-DOF robot are considered as optimization variables, with the aim of
determining which leads to the greatest energy saving with respect to a reference case.

Although the proposed approach selects a specific number of redundant joints and
optimizes their positions at waypoints, the target of the optimization is the definition
of an optimal robot configuration, which is the inverse kinematics solution based on
those joint position values. Therefore, the selection of a specific joint (or set of joints)
to be optimized influences the way of exploring the space of candidate solutions of the
optimization problem (robot configurations) within the infinite space of possible solutions
of the inverse kinematics. The joints that provide the largest energy savings are those that
allow a better exploration of the solution space and help avoid potential local minima in
the optimization. By optimizing these joints, the proposed strategy can more effectively
adjust the robot configuration along the trajectory, leading to more significant reductions in
mechanical energy. The choice of which joint to optimize is not absolute, as it depends on
multiple factors, including the specific task to be executed, the desired trajectory, and the
characteristics of the robotic system. Therefore, predicting the most effective joint for a
given case is not straightforward and represents an interesting and challenging direction
for future work.

3.2. 8-DOF Robot

In the second case study, we consider a robotic system composed of a Panda arm
mounted on a linear axis, shown in Figure 2. The Panda arm is the same considered in the
first test case, and its modeling approach is described in Section 3.1. As in the previous case,
no payload is considered to be applied to the robot end-effector. The linear axis has a total
length of 0.8 m and allows it to move the base of the arm using a cart driven by means of a
pulley-belt system. The driven pulley is actuated by a brushless motor through a planetary
gearbox. A graphical overview of the belt-driven linear axis is shown in Figure 3.

End-effector #
reference frame

Base reference frame

Figure 2. Representation of the 8-DOF robot considered in the second test case.

The total number of degrees of freedom of the robotic system is equal to 8. When
considering a six-dimensional task, the degree of redundancy is equal to N — R = 2.
Therefore, for each considered waypoint it is required to optimize the positions g* of two
redundant joints to find an energy-optimal solution of the inverse kinematics problem.
Given that the positions g* of two different redundant joints have to be optimized for each
waypoint, in this second test case we evaluate all possible combinations of two different
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joints to be optimized in order to find the one that minimizes the energy consumption.
As in the first case study, determining a criterion for the selection of the pair of joints
to be optimized is beyond the scope of this work. Compared to the first robotic arm,
the increased degree of redundancy (and the resulting higher number of optimization
variables) expands the possibilities of trajectory optimization. However, the eight-DOF
robotic system includes one additional motor compared to the previous case, which can
result in higher energy consumption.

mCLTm
Tm 7-7" | <F— ﬂ» 437_{
— 7 B @ Mcart (@
Jm J | |
I Jp L ']p

Figure 3. Model of the linear axis of the considered 8-DOF robot.

The dynamic parameters needed to compute the joint torques and the mechanical
energy consumption of the linear axis are retrieved from [14]. The joint torque 1y of the
linear axis required to execute the trajectory (go, 4o, §o) can be obtained as

To=r { <m + U IgZZ ]p> go + a1 sign(go) + a2 4o + a3 atan(as 4o) (4)

where m = gt + My denotes the sum of the masses of the cart and the robotic arm
and i, is the gear ratio. i, J¢, and ], represent the inertia of the motor, gearbox, and pulleys,
respectively. The parameter r represents the pulley radius, whereas a1, a3, a3, and a4 are
the coefficients considered for modeling Coulomb (a4 sign(4p)) and viscous friction (a3 §o),
as well as low-speed friction effects (a3 atan (a4 4o)). The values of these parameters used in
the numerical optimizations are reported in Table 1.

Table 1. Geometrical and dynamical parameters of the linear axis.

Parameter Symbol Value Parameter Symbol Value
Motor inertia Im 9.3 x 1075 kg m? Pulley radius r 0.045 m
Gearbox inertia Jg 7.0 x 107° kg m? Axis length L 0.8m
Pulley inertia Iy 2.1 x 1073 kg m? Coulomb friction a 0.0N
Cart mass Meart 18.69 kg Viscous friction an 351.28 Ns/m
Arm mass Marm 17.80 kg Low-speed friction as 197.35 N
Gear ratio i 10 Low-speed friction ay 159.43

3.3. Tested Trajectories

The performance of the proposed optimization approach is evaluated through
two six-dimensional tasks defined in the 3D space. The first test case (named Test A)
is a point-to-point motion defined by two waypoints, shown in Figure 4. The linear dis-
tance between the waypoints is equal to 1.0 m, and the movement has to be executed in
a total time equal to T = 2.5 s. The trajectory is planned using a fifth-degree polynomial
motion law in the joint space. The position of the waypoints of Test A for the two considered
robotic systems with respect to their base reference frame are reported in Table 2. The base
reference frames of the seven-DOF and the eight-DOF robots are shown in Figure 1 and
Figure 2, respectively. The orientation of the end-effector is defined using angles ¢, ¢, and ¢
and following the roll-pitch—yaw convention.
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Figure 4. 3D path of the reference case Test A for the 7-DOF robot (a), and for the 8-DOF robot (b).

Table 2. Desired pose of the end-effector of the two considered robotic systems for each of the
waypoints of the trajectory in Test A.

. b4 y z 14 i ¢
Robot  Waypoint [m] [m] [m] [rad] [rad] [rad]
1 0.50 0.50 0.50 117/12 /12 “7/4
7-DOFrobot 5 0.50 ~0.50 0.50 137/12 —n/12 —7/4
1 ~0.10 0.50 0.50 117/12 /12 /4
8-DOFrobot 0.90 0.50 0.50 137/12 “n/12 /4

For the second test (Test B), we consider a pick-and-place task, composed of two
vertical movements and one horizontal translation. The task is defined by four waypoints
in the 3D space, as it can be seen in Figure 5. The vertical ascent and descent are 0.3 m
long and have to be executed in 1.3 s each, whereas the horizontal movement has a length
equal to 0.8 m and a duration of 2.4 s. The total execution time is equal to 5 s. Spline curves
are adopted to plan the trajectories of the robots through the selected waypoints. More
specifically, the considered spline algorithm uses fourth-degree polynomials for the initial
and final segments of the motion, whereas third-degree polynomials are employed for the
intermediate segments. The position of the waypoints of Test B for the two considered
robotic systems with respect to their base reference frame are reported in Table 3.

_04- 04
£ E
NQ.2- N2
0- 0
-0.2 L 4 % -0.2
— ’ 1
05 0y 0d%
m| 0.5 [m]
(@

Figure 5. 3D path of the reference case of Test B for the 7-DOF robot (a), and for the 8-DOF robot (b).

For each test and each case study, we define a reference case with respect to which the
energy consumption reduction is computed. The reference cases are defined by selecting for
each waypoint the solution of the inverse kinematics closest to a homing position. The joint
positions in the homing configurations for both considered robotic systems are reported in
Table 4. The joint g¢ represents the linear axis, whereas the joints from g, to g7 are the joints
of the Panda arm.
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The optimization problem defined in Equation (2) with Equation (3) is implemented
in Matlab 2024b by MathWorks (Natick, MA, USA) using the genetic algorithm ga. We
consider this optimization algorithm since it is able to better analyze the entire space of
possible solutions with respect to gradient-base ones. The population size is set equal to 100
for Test A of the seven-DOF robot (two optimization variables), and equal to 150 for Test B
of the seven-DOF robot and Test A of the eight-DOF one (four optimization variables).
Furthermore, for Test B of the eight-DOF robot (eight optimization variables), a population
size equal to 200 is chosen. The numerical tests are performed on a computer running
Windows 10 Pro with an Intel Core i9-10900 CPU @ 2.80 GHz and 32.0 GB of RAM.

Table 3. Desired pose of the end-effector of the two considered robotic systems for each of the
waypoints of the trajectory in Test B.

. x y z P ¢ [
Robot Waypoint [m] [m] [m] [rad] [rad] [rad]
1 0.50 0.40 0.30 - 0 /4
2 0.50 0.40 0.60 17/12 /12 /4
7-DOFrobot 3 0.50 —0.40 0.60 137/12 /12 /4
4 0.50 —0.40 0.30 7 0 /4
1 0.00 0.50 0.30 - 0 /4
2 0.00 0.50 0.60 17/12 /12 /4
8-DOFrobot 3 0.80 0.50 0.60 137/12 /12 /4
4 0.80 0.50 0.30 7 0 /4

Table 4. Joint positions in the homing configurations for the two considered robotic systems.

qo0 1 q2 q3 q4 qs qe q7
Robot [m] [rad] [rad] [rad] [rad] [rad] [rad] [rad]
7-DOF robot - 0 0 0 —7/2 0 /2 /4
8-DOF robot 0.4 /2 0 0 —7/2 0 /2 /4

4. Numerical Results
4.1. Test A: Point-to-Point Motion

Figures 6 and 7 report the percentage of energy consumption reduction in Test A for
the seven-DOF and eight-DOF robots, respectively, compared to the respective reference
case. All joints of the seven-DOF robot and all the combinations of joints of the eight-DOF
robot are considered as optimization variables. Table 5 shows the energy consumption in
Test A with the seven-DOF and eight-DOF robot, for the reference and optimal trajectories.
For the seven-DOF robot, the optimal solution is found when the joint g{ is considered as an
optimization variable, obtaining an energy saving equal to 81.36%. In this case, the energy
consumption decreases from 30.23 ] to 5.63 ], as it can be seen from Table 5. Considering the
eight-DOF robot, the minimum energy consumption is achieved when the position of joints
g5 and q; is optimized, obtaining a percentage energy consumption reduction of 94.47%
(energy expenditure reduction from 98.31 J to 5.44 ], as shown in Table 5). From Table 5,
it can be seen that the energy consumption in the optimized case with the eight-DOF
robot is lower than the one obtained in the optimal solution with the seven-DOF robot.
This result demonstrates that, in this considered case, introducing an additional degree of
freedom (and consequently increasing the degree of redundancy) enhances the optimization
capabilities of the proposed approach, leading to greater energy savings.

Furthermore, from Figures 6 and 7 it can be noted that most of joints (for the seven-
DOF robot) and combinations of two joints (for the eight-DOF robot) to be optimized
provide an energy saving close to the optimal solution, demonstrating the capabilities of
the proposed approach in minimizing the energy consumption regardless which joint (or
combination of joints) position is considered in the optimization problem. In addition to the
mechanical energy consumption, Table 5 also reports the joint positions at each considered
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waypoint of the Test A for the two considered robotic systems, showing a consistent change
in the joint motion in the optimized cases compared to the reference ones. In more detail,
in the optimized case for the eight-DOF robotic system, the linear axis is kept stationary
during the trajectory. From Table 5, it can be seen that the position of the linear axis (joint
qo) is equal to 0.36 m for both the considered waypoints. In this manner, the linear axis is
exploited to optimally position the Panda arm with respect to the task to be executed.

Energy consumption reduction [%]
65 70 75 80

* * * * * * *
@ 2 B U B % 97
Figure 6. Energy consumption reduction with respect to the reference case in Test A with the
7-DOF robot.

61.38

*
o . 94
* e
+~
2
" g
sar "2
q3 =
o
192 &
1915 8
9]
)
(D]
|
q; . 190.5 M

* * * * * *
9 q; g ds qy qs ds
Figure 7. Energy consumption reduction with respect to the reference case in Test A with the
8-DOF robot.

Table 5. Joint positions at each considered waypoint and energy consumed for the reference and
optimal trajectories of Test A for the two considered robotic systems.

; Way 9o 7 q2 q3 qa qs g6 q7 E
Robot Trajectory Point [m] [rad] [rad] [rad] [rad] [rad] [rad] [rad] 1]
‘ 1 - 0.55 0.76 0.40 —0.76 0.00 1.24 1.64 30.93
7 DOF rabot reterence 2 - —0.49 0.45 —0.42 —~137 0.50 1.99 —0.26 :
- Trobo
timal (¢7) 1 - 1.16 1.18 —174  —0.66 1.66 0.84 1.30 563
optimal {qq 2 - 0.02 1.18 -1.75 ~131 1.60 1.40 —0.54 :
reference 1 0.30 2.01 0.52 0.36 116 0.08 1.37 1.53 98.31
8 DOF rabot 2 0.50 1.26 0.10 —034  —184 0.32 221 —0.05 :
- Trobo
timal (4%, 4%) 1 0.36 —038  —1.18 1.40 —0.70 1.63 0.84 1.28 5.44
optumat (s, q5 2 0.36 —1.56 —-1.18 1.40 -1.29 1.60 1.40 —0.53 -
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The computational times required to solve the optimization problem in Test A are
equal to 2362 s and 2733 s for the seven-DOF and eight-DOF robots, respectively. The com-
putation time depends on several variables, including the degree of redundancy and the
number of considered waypoints (i.e., the number of optimization variables). In addition,
computational time is influenced by the specific settings of the optimization algorithm.
For the genetic algorithm, a larger population size enables a more thorough exploration of
the design space and increases the likelihood of obtaining a near-globally optimal solution,
at the expense of increased computational time. The proposed approach could be extended
to semi-online applications by limiting both the number of iterations of the optimization
algorithm and the number of inverse kinematics evaluations, thereby enabling a just-in-
time motion planning strategy. This extension could rely on gradient-based optimization
methods, which, however, are more prone to convergence to local minima. However,
the approach proposed in this work is intended for offline trajectory planning, which is the
typical operating mode for the majority of industrial robotic systems, where online motion
planning is not required.

4.2. Test B: Pick-and-Place Task

Figures 8 and 9 show the percentage energy consumption reduction in Test B for
the seven-DOF and eight-DOF robots, respectively, compared to the respective reference
case. For the robot with seven degrees of freedom (Figure 8), each joint 4} to be optimized
is taken into account in different runs of the optimization problem, whereas all possible
combinations of two joints to be optimized are considered in different simulations for
the eight-DOF robot (Figure 9). Table 6 reports the energy consumed in Test B with the
seven-DOF and eight-DOF robot, for the reference and optimal trajectories. Regarding the
seven-DOF manipulator, the lowest energy consumption is obtained when the position of
joint g7 is considered as optimization variable, achieving an energy saving equal to 26.02%.
In this case, the energy expenditure decreases from 76.41 J to 56.52 J, as it can be seen
from Table 6. Taking into account the eight-DOF robotic system, the optimal solution is
found when the position of joints g; and g; is optimized, leading to a percentage energy
consumption reduction of 60.47% (energy expenditure reduction from 124.90 J to 49.38 J,
as shown in Table 6). As obtained in Test A, also during Test B, the energy consumption in
the optimized case with the eight-DOF robot is lower than the one obtained in the optimal
solution with the seven-DOF robot. This outcome highlights again that a greater degree of
redundancy could increase the optimization possibilities of the proposed approach, which
may result in a lower energy expenditure. In Test B, the computational times are equal to
9466 s and 25,046 s for the seven-DOF and eight-DOF robotic systems, respectively.

Similarly to the results obtained during Test A, also for Test B, an energy saving close
to the optimal solution is obtained with most of joints (for the seven-DOF robot) and
combinations of two joints (for the eight-DOF robot) to be optimized, as can be seen from
Figures 8 and 9. Table 6 shows the joint positions at each considered waypoint of the Test B
for the two considered robotic systems. For the tested trajectory, as in the previous case,
the optimized solutions show a consistent modification of the joint motions with respect to
the reference cases. Additionally, the linear axis is once again maintained fixed throughout
the optimal trajectory and exploited to determine the optimal placement of the manipulator
with respect to the task.
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Table 6. Joint positions at each considered waypoint and energy consumed for the reference and

optimal trajectories of Test B for the two considered robotic systems.

; Way q 7 2 q3 qa qs de q7 E
Robot Trajectory Point [m] [rad]  [rad] [rad] [radl  [rad] [rad] [rad] 01
1 - 0.41 043 0.29 184  —0.16 2.25 1.56
; 2 . 0.41 0.53 0.39 —0.87 0.06 1.09 1.54 7641
reterence 3 - —0.33 0.19 —0.42 —148 0.35 1.91 —0.06 .
7 DOF rabor 4 - —041 043 —029 184 0.16 2.25 0.01
- robo
1 - 1.52 0.67 —098 181 0.65 2.12 1.06
optimal (45) 2 - 1.10 0.67 ~099 081 0.75 0.95 1.25 6.5
P a7 3 . 0.36 0.67 157 142 1.01 1.62 ~0.36 '
4 - 0.17 0.67 -098 181 0.65 2.12 ~0.29
1 031 1.94 0.35 0.25 ~197  —0.12 2.30 1.47
’ 2 0.30 1.89 0.34 0.31 114 0.12 117 1.41 124.90
reterence 3 0.47 1.33 —0.04 —0.31 ~1.76 0.20 2.03 0.14 :
6 DOF rabor 4 0.46 125 0.27 022 208 0.08 2.34 0.19
- robo
1 023 0.82 0.92 1.42 205  —1.02 1.97 1.93
) . 2 023 1.05 0.92 1.80 -129  —0.62 1.03 1.86
optimal (3, 47) 3 0.23 0.19 0.92 136 —079  —076 157 022 49.38
4 023 0.15 0.92 0.90 135  —0.73 1.93 0.32
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4.3. Comparison with a Null-Space Approach

To compare the efficiency of our reference case with respect to a null-space approach,
we use the operational-space trajectories of the reference case as input to the Saturation in
the Null Space (SNS) approach presented in [25], which considers joint position and velocity
limits as hard constraints in the pseudo-inverse-based solution of the inverse kinematics
problem. The results of this comparison are reported in Table 7, which shows that the same
trajectory in the operational space of the robot requires a higher energy consumption with
the SNS approach, with respect to the proposed reference case, for both Test A and B and
for both the considered robotic systems with seven and eight degrees of freedom.

Furthermore, the optimal trajectories obtained with our proposed approach are also
used as input to the SNS approach to check the performance of that state-of-the-art redun-
dancy resolution scheme with respect to the results obtained in our work. The comparison
results are summarized in Table 7, where it can be seen that the SNS approach shows
the worst performance in terms of energy efficiency not only with respect to the baseline,
but also to the optimal trajectories considered in this work. This is because, by leaving
the path between waypoints free, the optimization problem of the proposed approach has
more freedom in solving the robot inverse kinematics problem for energy efficiency than
when the end-effector path is completely defined, as required in the SNS approach.

Table 7. Comparison between the energy consumption of the proposed approach and that of the SNS
approach computed using the same reference and optimal trajectories.

Reference Case Optimal Case
Test Robot Proposed SNS Proposedp SNS
A 7-DOF robot 30.23] 32357 5.63] 9.38]
8-DOF robot 98.317 297.35] 5447 216.98 ]
B 7-DOF robot 76.417] 77217 56.52] 71.12]
8-DOF robot 124907 332.807 49.38] 161.02]

5. Experimental Tests

The energy-optimal trajectories obtained in the numerical tests are validated on two
real robotic systems. In this section, we first describe the experimental setup and the robot
control approach, and then we present the results of the experiments.

5.1. Experimental Setup

The seven-DOF Panda arm used in the first test case is shown in Figure 10a and it is
available at the Robotics and Mechatronics Lab of University of Udine (Italy). The manip-
ulator is controlled with a computer equipped with 32 GB of RAM and an Intel Core i5
processor running Ubuntu 18.04, using ROS (Robot Operating System) Melodic Morenia
with Python 3.6.

The eight-DOF robot is composed of a second Panda arm mounted on a linear axis by
AutomationWare (Martellago, Italy). The system is shown in Figure 10b. The linear axis is
actuated by an HDT SRO8L brushless motor by HDT Srl (Monte di Malo, Italy), connected
to the driven pulley of the linear axis through a planetary gearbox with a reduction ratio i,
equal to 10. The cart of the linear axis is moved through a toothed belt made of polyurethane
with steel strands.

The eight-DOF robotic system is controlled with a computer equipped with 32 GB
RAM and an Intel Core i9 processor running Ubuntu 20.04. As the linear axis and the
manipulator are two separated robotic systems, they are driven by two different controllers,
which have to be coordinated and synchronized. A schematic representation of the control
of the eight-DOF robot is reported in Figure 11. The linear axis is controlled with a
Docker container (Docker 1) using ROS 2 Galactic Geochelone, whereas another Docker
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container (Docker 2) with ROS Noetic Ninjemys is used for driving the Panda arm, both
using Python 3.8. The two Docker containers are able to communicate thanks to a shared
network, whereas the ros1_bridge package is adopted in order to allow the two different
ROS versions to exchange messages. Moreover, the coordination and synchronization of
the two robots is performed in the ROS 2 environment (Docker 1), as well as the definition
of the desired trajectory that the robotic system has to execute. As can be seen in Figure 11,
once the movement of all eight joints has been defined, the trajectory of the different joints
is sent to their respective controllers, which will then drive the two distinct components
of the system. For both robotic systems, the desired trajectory is sent to the controller as
joint positions, velocities, and accelerations over time, whereas the actual joint positions,
joint velocities, and torques (motor torque for the linear axis, and joint torques for the
manipulator) are acquired as output measured data.

(b)

Figure 10. Robotic systems considered in this work: 7-DOF robotic manipulator (a) and 8-DOF robotic

system (b).

Docker 1 Docker 2
ROS 2 Galactic ROS Noetic
( Trajectory definition, A 4 )
data saving, and |«
coordination ros1_bridge et
- . e ctual arm Desired arm
A&%%a&ﬁl}f ggﬁg&%&xm -— tr.aJectory trajectory
(qact- q'act- Tact) (qdes qdes- q'des) (Qach act; Tad) (qd6’37 des: quS)
[Linear axis controller] \_ |Panda arm controllcr|
Al J S —

Linear axis Arm joints
control signal states

Axis joint
states

Panda arm
control signal

Figure 11. Schematic representation of the control of the 8-DOF robotic system.

5.2. Experimental Results
5.2.1. Test A: Point-to-Point Motion

Table 8 shows and compares the energy consumed in Test A with the two considered
robotic systems in the numerical and experimental tests, for the reference and optimal
trajectories. As can be seen from Table 8, the energy consumption in the experiments almost
coincides with the results obtained in the simulations for all considered trajectories. This
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demonstrates the reliability of the dynamics models taken into account for the 7-DOF and
8-DOF robots and the feasibility of the proposed energy-efficiency approach. The actual
energy saving achieved in the experiments in Test A with the 7-DOF robot is equal to
82.54% (reduction from 30.29 | to 5.29 J), whereas with the 8-DOF, the percentage of energy
reduction with respect to the reference case is equal to 94.28%. In this case, the energy
expenditure decreases from 99.22 J to 5.67 J.

Table 8. Energy consumption E for the reference and optimal trajectories of Test A in the numerical
(num) and experimental (exp) tests with the two considered robotic systems, and corresponding
percentage reductions pct compared to the reference cases.

Robot Trajectory Enum [J1 pCtuum [%] Eexp 11 pctexp [%]
reference 30.23 - 30.29 -
7-DOF robot -
optimal (g¢) 5.63 81.36 5.29 82.54
reference 98.31 - 99.22 -
8-DOF robot -
optimal (g3, 43) 5.44 94.47 5.67 94.28

Figure 12 reports the joint positions, velocities, torques, and mechanical powers for
the reference (Figure 12a) and optimal (Figure 12b) trajectories with the seven-DOF robot in
Test A. Similarly, Figure 13 depicts the joint positions, velocities, torques, and mechanical
powers for the reference (Figure 13a) and optimal (Figure 13b) trajectories with the eight-
DOF robot in Test A. Comparing Figure 12a with Figure 12b and Figure 13a with Figure 13b,
it can be noted the mechanical power is greatly reduced in the optimal cases with respect
to the reference ones, leading to the correspondent consistent energy savings reported in
Table 8.
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(a) Test A, 7-DOF robot, reference trajectory. (b) Test A, 7-DOF robot, optimal trajectory.

Figure 12. Joint positions, velocities, torques, and mechanical power of the reference (a) and optimal
(b) trajectories of Test A with the 7-DOF robot.
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(a) Test A, 8-DOF robot, reference trajectory. (b) Test A, 8-DOF robot, optimal trajectory.

Figure 13. Joint positions, velocities, torques, and mechanical power of the reference (a) and optimal
(b) trajectories of Test A with the 8-DOF robot.

5.2.2. Test B: Pick-and-Place Task

In Table 9, the energy consumed with the two considered robotic systems in Test B
during the numerical and experimental tests is reported, both for the reference and the
optimal trajectories. Similarly to Test A, Table 9 highlights that the energy consumption
in Test B during the experiments is very close to those obtained in the simulations for
all considered trajectories, proving again the feasibility of the proposed energy-efficiency
approach. With the seven-DOF robot, the energy consumption in the experiments in Test B
is reduced from 75.62 | (reference case) to 55.68 ] (optimal trajectory), obtaining a percentage
of energy reduction equal to 26.37%. Considering the eight-DOF robot, the percentage of
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energy reduction with respect to the reference case is equal to 60.14%, achieving a decrease
in the energy expenditure from 123.75 ] to 49.33 ].

Table 9. Energy consumption E for the reference and optimal trajectories of Test B in the numerical
(num) and experimental (exp) tests with the two considered robotic systems, and corresponding

percentage reductions pct compared to the reference cases.

Robot Trajectory Epum [J1 PCtuum [%] E,xp [J1 pctexy [%]
reference 76.41 - 75.62 -
7-DOF robot -
optimal (g5) 56.52 26.02 55.68 26.37
reference 124.90 - 123.75 -
8-DOF robot
optimal (g}, 47) 49.38 60.47 49.33 60.14

Figure 14 shows the joint positions, velocities, torques, and mechanical powers for the
reference (Figure 14a) and optimal (Figure 14b) trajectories with the seven-DOF robot in
Test B, whereas Figure 15 reports the same graphs for the eight-DOF robot in Test B. As for
Test A, the comparisons of Figure 14a with Figure 14b as well as Figure 15a with Figure 15b
highlight the significant reduction in mechanical power needed by the optimal trajectories

with respect to the reference ones.
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(a) Test B, 7-DOF robot, reference trajectory. (b) Test B, 7-DOF robot, optimal trajectory.

Figure 14. Joint positions, velocities, torques, and mechanical power of the reference (a) and optimal
(b) trajectories of Test B with the 7-DOF robot.
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(a) Test B, 8-DOF robot, reference trajectory. (b) Test B, 8-DOF robot, optimal trajectory.

Figure 15. Joint positions, velocities, torques, and mechanical power of the reference (a) and optimal
(b) trajectories of Test B with the 8-DOF robot.

6. Conclusions

In this paper, an energy-efficiency approach for redundant robotic systems has been
presented. The proposed strategy aims at finding the energy-optimal solution of the inverse
kinematics by optimizing the position of selected redundant joints at each of the waypoints
that describe a pre-defined task. The performance of proposed approach has been tested on
a seven-DOF robotic manipulator and on a eight-DOF robotic system, so as to account for
different degrees of redundancy. As test cases, a point-to-point motion and a pick-and-place
task have been selected, performing extensive numerical simulations and experimental
tests. The numerical and experimental results highlighted the capabilities of the proposed
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approach in improving the energetic performance with respect to reference trajectories.
The experimental results showed a reduction in the energy expenditure up to 82.54% and
94.28% with the 7-DOF and the 8-DOF robots, respectively.

Future work will include the development and investigation of alternative and more
complex redundancy resolution and motion planning strategies for energy efficiency pur-
poses. The results obtained will then be compared with those of this work. Furthermore,
artificial-intelligence-based methods for computing minimum-energy solutions of the
inverse kinematics problem will be considered.
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