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I. INTRODUCTION

In recent years, there has been a drastic improvement in
the robotic field concerning the development and control of
humanoid robots to endow them with the ability to interact
and collaborate with human beings for performing a large
variety of tasks [1], [2], [3] and particular interest has been
paid to the introduction of such platforms into the industry
4.0 [4]. In the aforementioned interaction, agents’ safety and
system efficiency are two of the main aspects to be ensured
[5] leading to the ergonomy principle [6]. While several
works have addressed the design of control architectures
to achieve an ergonomic physical interaction [7], [8], the
humanoid robot hardware design has been rarely considered
as an element to be optimized for the specific collaborative
action, and it is rather assumed as given. However, several
works have proposed the usage of different algorithms to
jointly consider hardware design and control requirements [9],
[10]. The proposed co-optimization is achieved via classical
optimization techniques such as block coordinate descendent
methods [11]. Other works have exploited reinforcement
learning techniques [12], [13], and evolutionary algorithm
[14], [15], [16] to port the biological principle of embodied
cognition [17] in the robotic field, showing evidence on
how the environment and related tasks directly affect the
complexity of the agent, thus underlining the importance of
considering the environment in the design process of both
the system morphology and the control strategy.

The aforementioned papers, despite the interesting work
presented, apply the principles of embodied cognition to
simple robotics platforms which are composed of a limited
number of links and do not consider a possible interaction
with a human being.

In this paper a novel strategy to design humanoid robots,
to achieve ergonomic human-robot interaction is presented,
extending the work done in [18], adding the robot hardware
parameters in the loop to achieve an ergonomic interaction.

II. BACKGROUND

A humanoid robot is a multi-body mechanical system
which is composed of n+1 rigid bodies, i.e. the links, which
are connected by n joints with one degree of freedom (DoF)
each. An element of the configuration space q ∈ Q is defined
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as the triplet q = (IpB,
IRB, s) where IpB ∈ R3 and IRB ∈

SO(3) denote, respectively, the position and the orientation
of the base frame expressed w.r.t. the inertial frame I, and
s ∈ Rn is the joints configuration representing the topology
of the mechanical system. An element of the configuration
velocity space ν ∈ V is defined as ν = (IvB, ṡ) where
IvB = (I ṗB,

IωB) ∈ R6 denotes the linear and angular
velocity of the base frame, and ṡ denotes the joint velocities.

III. OPTIMUM HARDWARE DESIGN

Starting from the robot modelling of Section II, it is
possible to parametrize each link of the robot kinematic
chain w.r.t. hardware parameters, namely the density ρ ∈ R+,
assumed to be constant for all the body points, and the
geometry identified by a set of parameters l ∈ Rnl . By
applying such a parametrization to each link of the robot
kinematic chain and defining with π the set of hardware
parameters defined considering all the links, one can apply
the Euler-Poincarè formalism [19] and describe the robot
dynamics with the following set of differential equations, with
explicit dependency on the hardware parameters: M(q, π)ν̇+
h(q, ν, π) = Bτ +JT

c (q, π)f with M ∈ Rn+6×n+6 the mass
matrix, the term h ∈ Rn+6 accounting for Coriolis and gravity
forces, B = (0n×6, In)

T is a selector matrix, τ ∈ Rn is
a vector representing the robot’s joint torques, f ∈ R6nc

represents the wrenches acting on nc contact links of the
robot. To address the reference scenario, we need to consider
the coupled human-robot-payload dynamics. Such dynamics
can be described starting from the description of [20] making
the dependency on the robot hardware parameters explicit,
leading to the following dynamic

M(q, π)ν̇ + h(q,ν, π) = Bτ +QT (q, π)f ,

Q(q, π)ν = 0.
(1)

Where the composite matrices are identified with bold and
they collect the terms related to the human, the robot, and
the payload. Q is a coupling matrix considering both the
constraints of the contacts with the environment and those
of the agent-payload contact points for each agent, namely
the human and the robot, and f is a vector containing all
the interaction wrenches (exchanged with the environment
and between the agents and the payload) taking into account
the action-reaction property for internal forces and reflecting
the ordering in the constraints matrix Q. Starting from Eq.
(1), we want to identify a set of optimum robot hardware
parameters able to ensure an ergonomic interaction with a
human being. For this purpose, the metric considered was
the expenditure of energy represented by the robot’s and
human’s internal torques. Therefore the optimization problem
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Fig. 1: Multi-agent optimization output. In a) the optimized robot is compared to original model (depicted in red). (b), (c) and
(d) show the optimum robot interacting with the human in the optimal configuration during collaborative lifting of a payload
at height 0.8 m (b), height 1.0 m (c), height 1.2 m (d). In orange the wrenches exchanged with the ground are visualized.

of Eq. (2) has been defined, where nk target payload heights
are considered and the subscript 1,2,3, refer, respectively, to
the robot, the human and the payload. The problem search
variable is defined as follow: y =

[
q̃ π

]T
where q̃ is

composed of robot, human and payload configurations, one
per payload target height considered, and π are robot hardware
parameters.

y∗ = argmin
y
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)
s.t.

eTz · z3,B,k = 1,∀k ∈ [1, nk],

eTz · zi,j,k = 1,∀i ∈ [1, nc],∀j ∈ [1, 2],∀k ∈ [1, nk],
Ipi,j,k = 0,∀i ∈ [1, nc],∀j ∈ [1, 2],∀k ∈ [1, nk], (2a)
Ip3k = h∗

k,∀k ∈ [1, nk]. (2b)

The functions τ (y) and f(y) are computed by projecting
the dynamic of Eq. (1) into the constraint at static configura-
tion. The reference wrench f∗ is computed such that the static
friction cones are satisfied for all the contacts. The product
eTz · zi,j,k represents the misalignment in between the gravity
direction ez and the z versor zi,j,k of the frame j of the
agent i for the target height k. The quantity Ipz,A represents
the z-component of the position of the frame A, thus the
Eq. (2a) ensures the feet to be on the ground, meanwhile Eq.
(2b) ensure the hands of both the human and the robot, to
be at the object target heights h∗

k with k ∈ [1, nk]. The cost∥∥∥ 1
Ipz0,com

∥∥∥2
2

minimizes the center of mass height, computed
at the robot null configuration.

IV. VALIDATION

The proposed hardware parametrization and design opti-
mization process have been tested starting from the humanoid
robotic platform iCub [21] which has been modelled with

simple shapes i.e. sphere, cylinder and box, resulting in
the model showed in Fig. 1a. The optimization problem
of Eq. (2) has been applied to identify an optimum robot
design for performing collaborative lifting tasks of a payload,
placed at different heights, in collaboration with a human.
For such an optimization, the set of considered hardware
parameters was composed of the length multipliers, that scales
the shape geometry along the direction in which the robot
kinematic chain grows, for the torso, arms and legs links,
i.e. π = [lm1 , ..., lmnl

], the optimization problem has been
defined using CasADi [22], and the interior point method
[23] has been used to solve the non-linear problem defined.
The human being has been modeled as a 48 DoF multi body
system 1.82 m tall [24] and the payload has been considered
as a box of dimensions 0.5 m×0.5 m×0.025 m and of 5 kg
weight. The optimization output, together with the wrenches
exchanged by the agent to the ground, are depicted in Fig. 1.
The payload target heights considered are 0.8 m (Fig. 1b),
1.0 m (Fig. 1c), and 1.2 m (Fig. 1d).

V. CONLCUSIONS

This paper presents a methodology to identify humanoid
robot hardware optimized for specific task execution, namely
collaborative payload lifting. The proposed strategy allows
to consider kinematics and dynamics constraints and results
in an improved interaction with the human by optimizing
robot hardware parameters via ergonomic metrics such as the
internal stress expenditure.

In future work, we plan to extend the proposed approach
to consider also the time evolution of the system and to
introduce a more complete model for the contacts, i.e. the
interaction both with the environment and with the payload. In
addition, we plan to move towards evolutionary algorithms to
design optimum humanoid robots for ergonomic human-robot
interaction to overcome the limits of classical optimization
methods w.r.t. local minima.
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C. Latella, M. Lazzaroni, R. Lober, M. Lorenzini et al., “The codyco
project achievements and beyond: Toward human aware whole-body
controllers for physical human robot interaction,” IEEE Robotics and
Automation Letters, vol. 3, no. 1, pp. 516–523, 2017.

[3] D. J. Agravante, A. Cherubini, A. Sherikov, P.-B. Wieber, and A. Khed-
dar, “Human-humanoid collaborative carrying,” IEEE Transactions on
Robotics, vol. 35, no. 4, pp. 833–846, 2019.

[4] SPARC, “Robotics 2020 multi-annual roadmap for robotics in europe.
call 2 ict24 (2015) – horizon 2020,” Feb. 2015.

[5] R. Alami, A. Albu-Schaeffer, A. Bicchi, R. Bischoff, R. Chatila, A. D.
Luca, A. D. Santis, G. Giralt, J. Guiochet, G. Hirzinger, F. Ingrand,
V. Lippiello, R. Mattone, D. Powell, S. Sen, B. Siciliano, G. Tonietti,
and L. Villani, “Safe and dependable physical human-robot interaction
in anthropic domains: State of the art and challenges,” in 2006 IEEE/RSJ
International Conference on Intelligent Robots and Systems, Oct 2006,
pp. 1–16.

[6] J. Dul, R. Bruder, P. Buckle, P. Carayon, P. Falzon, W. S. Marras,
J. R. Wilson, and B. van der Doelen, “A strategy for human fac-
tors/ergonomics: developing the discipline and profession,” Ergonomics,
vol. 55, no. 4, pp. 377–395, 2012.

[7] R. Koeppe, D. Engelhardt, A. Hagenauer, P. Heiligensetzer, B. Kneifel,
A. Knipfer, and K. Stoddard, “Robot-robot and human-robot cooper-
ation in commercial robotics applications,” in Robotics research. the
eleventh international symposium. Springer, 2005, pp. 202–216.

[8] A. Vysocky and P. Novak, “Human-robot collaboration in industry,”
MM Science Journal, vol. 9, no. 2, pp. 903–906, 2016.

[9] Q. Li, W. Zhang, and L. Chen, “Design for control-a concurrent
engineering approach for mechatronic systems design,” IEEE/ASME
transactions on mechatronics, vol. 6, no. 2, pp. 161–169, 2001.

[10] J. Allison and D. R. Herber, “Multidisciplinary design optimization of
dynamic engineering systems,” in 54th AIAA/ASME/ASCE/AHS/ASC
Structures, Structural Dynamics, and Materials Conference, 2013, p.
1462.

[11] D. P. Bertsekas, “Nonlinear programming,” Journal of the Operational
Research Society, vol. 48, no. 3, pp. 334–334, 1997.

[12] D. Ha, “Reinforcement learning for improving agent design,” Artificial
life, vol. 25, no. 4, pp. 352–365, 2019.

[13] T. Chen, Z. He, and M. Ciocarlie, “Hardware as policy: Mechanical
and computational co-optimization using deep reinforcement learning,”
arXiv preprint arXiv:2008.04460, 2020.

[14] P. Shiakolas, D. Koladiya, and J. Kebrle, “Optimum robot design based
on task specifications using evolutionary techniques and kinematic,
dynamic, and structural constraints,” Inverse Problems in Engineering,
vol. 10, no. 4, pp. 359–375, 2002.

[15] J. E. Auerbach and J. C. Bongard, “Dynamic resolution in the co-
evolution of morphology and control,” in Artificial Life XII: Proceedings
of the Twelfth International Conference on the Synthesis and Simulation
of Living Systems. MIT Press, 2010, pp. 451–458.

[16] J. Bhatia, H. Jackson, Y. Tian, J. Xu, and W. Matusik, “Evolution gym:
A large-scale benchmark for evolving soft robots,” Advances in Neural
Information Processing Systems, vol. 34, 2021.

[17] R. Pfeifer and J. Bongard, How the body shapes the way we think: a
new view of intelligence. MIT press, 2006.

[18] L. Rapetti, Y. Tirupachuri, A. Ranavolo, T. Kawakami, T. Yoshiike, and
D. Pucci, “Shared control of robot-robot collaborative lifting with agent
postural and force ergonomic optimization,” in 2021 IEEE International
Conference on Robotics and Automation (ICRA), 2021, pp. 9840–9847.

[19] J. E. Marsden and T. S. Ratiu, Introduction to Mechanics and Symmetry:
A Basic Exposition of Classical Mechanical Systems. Springer
Publishing Company, Incorporated, 2010.

[20] Y. Tirupachuri, G. Nava, C. Latella, D. Ferigo, L. Rapetti, L. Tagliapi-
etra, F. Nori, and D. Pucci, “Towards partner-aware humanoid robot
control under physical interactions,” in Proceedings of SAI Intelligent
Systems Conference. Springer, 2019, pp. 1073–1092.

[21] L. Natale, C. Bartolozzi, D. Pucci, A. Wykowska, and G. Metta, “iCub:
The not-yet-finished story of building a robot child,” Science Robotics,
vol. 2, no. 13, p. eaaq1026.

[22] J. A. E. Andersson, J. Gillis, G. Horn, J. B. Rawlings, and M. Diehl,
“CasADi – A software framework for nonlinear optimization and
optimal control,” Mathematical Programming Computation, vol. 11,
no. 1, pp. 1–36, 2019.
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