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Minimizing torque requirements
in robotic manipulation through
elastic elements optimization
in a physics engine
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Abstract
The increasing number of robots and the rising cost of electricity have spurred research into energy-reducing concepts in
robotics. One such concept, elastic actuation, introduces compliant elements such as springs into the robot structure.
This article presents a comparative analysis between two types of elastic actuation, namely, monoarticular parallel elastic
actuation and biarticular parallel elastic actuation, and demonstrates an end-to-end pipeline for their optimization. Starting
from the real-world system identification of an RRR robotic arm, we calibrate a simulation model in a general-purpose
physics engine and employ in silico evolutionary optimization to co-optimize spring configurations and trajectories for a
pick-and-place task. Finally, we successfully transfer the in silico optimized elastic elements and trajectory to the real-
world prototype. Our results substantiate the ability of elastic actuation to reduce the actuators’ torque requirements
heavily. In contrast to previous work, we highlight the superior performance of the biarticular variant over the mono-
articular configuration. Furthermore, we show that a combination of both proves most effective. This work provides
valuable insights into the torque-reducing use of elastic actuation and demonstrates an actuator-invariant in silico opti-
mization methodology capable of bridging the sim2real gap.
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Introduction

With the ever-increasing number of robots and the increase

in the cost of electricity, the energy-efficient design of robots

is receiving increased attention.1 Although some work mini-

mizes the electrical energy consumption directly, others

have focused on minimizing the actuator torque require-

ments.2 The latter is a more general methodology for energy

reduction, as it is independent of the actuator’s characteris-

tics. Moreover, a decrease in torque requirements leads to
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a size and weight reduction of the actuator, which

consequently leads to a cost reduction of the actuator and

increases the safety.3 Indeed, it reduces the moving mass

and increases the compactness of the robot.

Introducing elastic elements in the joints and robot

structure, a concept often termed “Elastic Actuation” can

help to reduce energy consumption4 and, more specifically,

the torque requirements for actuators.5 There are several

ways to implement elastic actuation. One way is to place

the spring in parallel with the actuator with respect to

the load. This approach, called parallel elastic actuation

(PEA),6 can store and release energy without going

through the actuator. This means that less energy is lost

due to motor and transmission losses, which in turn

results in higher energy efficiency and improves the

system’s stability.7–9

Another potential energy-reducing concept, inspired by

the musculature of humans and animals, is biarticular

actuation (BA). “Biarticular” refers to the connection of

two joints, which can be done by either an actuated or a

passive component like a spring.10,11 BA offers the possi-

bility to transfer mechanical power between joints,12 in

particular from proximal toward distal joints,13 leading to

an improvement in energy efficiency.14 For example, Oh

et al.15 have shown that having biarticular muscles helps

to increase the energy efficiency for human and animal

motion.

As PEA and BA are not mutually exclusive, it is also

possible to combine both in an attempt to exploit the ben-

efits of each simultaneously. Chevallereau et al.16 have

already combined both in a robotic leg, but only the place-

ment of the actuators and the best actuation scheme have

been optimized, and not the springs’ characteristics (stiff-

ness, equilibrium angle, etc.). Cahill et al.17 and Morizono

et al.18 have optimized the springs’ characteristics for a

robotic leg and a robotic arm but not in terms of actuator

torque requirements.

To the best of the authors’ knowledge, Bidgoly et al.

were the first to investigate an optimal configuration of

PEA and BA in terms of actuator torque requirements in

a single robotic arm.19 Nevertheless, the torque profiles that

can be generated by the PEA and BA implemented in their

work can only be obtained using zero free-length springs.

This requires incorporating a mechanism that allows the

use of classical springs (with non-zero free-length) as zero

free-length springs. Indeed, they did not consider the

spring’s equilibrium position in the generated torque pro-

file of the spring, while it is present and nonnegligible when

classical springs are considered. Furthermore, all the results

were obtained in simulation and were not verified with

experiments on a real-world prototype. Marchal et al.

addressed these limitations by implementing springs that

produce a torque that depends on the equilibrium position

and that can be more easily integrated into a robotic struc-

ture.1 Moreover, they verified the simulation results by

doing experiments on a real-world prototype built for this

purpose. Their comparison was done on a pick-and-place

task using a fixed trajectory that is shared among the dif-

ferent elastic actuation configurations. An ad hoc definition

of a fixed trajectory can, however, induce unfairness in the

comparison due to the trajectory unintentionally favoring a

certain configuration.

Therefore, in our work, we provide a comparative

analysis between monoarticular and biarticular elastic

structures and a combination of both. We conduct this

comparison using an RRR robotic arm (three revolute

joints), and we target a pick-and-place task due to its sim-

plicity and relevance in the industry. To provide a fair

comparison between the benefits of the different forms of

compliant configurations, we co-optimize the parameters

of the spring configurations and trajectories.

As commonly done, one approach to do this is by

defining a detailed mathematical model of the robot and

its task.1,19 However, the construction of such a model is a

labor-intensive and highly problem-specific solution, as all

robot and task-related physical phenomena have to be mod-

eled exhaustively and precisely. A promising alternative is

to use general-purpose physics simulators, as they do not

require the manual definition of a problem-specific math-

ematical model.20 General-purpose physics simulators

allow rapid evaluations of arbitrary structures and tasks

with ad hoc quality metrics.21 Consequently, they have

served as the main backbone for many powerful robotic

design optimization methodologies, such as the ones

employed in evolutionary robotics.22 Their generality and

speed, however, come with a fidelity trade-off, and often

the acquired in silico evaluation results do not reflect the

real-world counterpart as well as a problem-specific

approach does.23 This discrepancy can, however, be miti-

gated by (1) setting robot-related properties (e.g. link

masses, link inertias) in the simulator according to conven-

tional real-world system identification techniques and

(2) introducing an explicit calibration step that automati-

cally tunes the remaining unknown simulation parameters

(e.g. unidentified task-related properties) to minimize the

difference between real-world observations and the simu-

lated counterpart.24 Nevertheless, transferring in silico

optimization results to the real world remains challenging.

Demonstrative works in which this sim2real gap is over-

come thus remain necessary on the path toward mitigating

this fundamental issue.25 Therefore, as the underlying

backbone of our comparative analysis, we present a gen-

eral in silico calibration and optimization pipeline based

on evolutionary algorithms and explicitly showcase suc-

cessful sim2real transfer of co-optimized designs and tra-

jectories. An overview of our methodology is depicted in

Figure 1.

To summarize, our contribution is twofold: (1) We

provide insights into the influence of monoarticular and

biarticular parallel elastic elements on actuator torque

requirements, thereby providing an actuator invariant

methodology for minimizing actuator torque requirements,
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and (2) we implement a general end-to-end robotic

design optimization pipeline capable of successful

sim2real transfer and showcase it on elastic elements

and trajectory co-optimization. Our comparison between

the different elastic actuation configurations is the first

to include trajectory in the optimization. This increases

fairness, as this mitigates the possibility of a fixed tra-

jectory unfairly promoting certain configurations.

Furthermore, our in silico calibration step is the first

to extend to the successful sim2real transfer of both

morphological (elastic elements) and controller (trajec-

tory) parameters. By contrast, previous work focused

solely on calibrating a fixed morphology to improve the

sim2real transfer of the controller.24 The novelty of our

work thus lies in both these contributions individually

and in their combination.

The remainder of this article is organized as follows:

The second section describes the robot model, both of the

considered elastic configurations and the link between the

electrical energy consumption and the torque require-

ments. The third section defines the pick-and-place task

that we target, the evolutionary optimization algorithm,

our simulation calibration methodology, and the elastic

elements and trajectory co-optimization. The fourth sec-

tion discusses the validation of the calibrated in silico

model and the co-optimization results. Finally, the fifth

section concludes this study and discusses the limitations

and future work.

Real-world system identification

Mathematical model

The type of robotic arm treated in this article is of RRR type

(Figure 1). In this robotic arm, there are three electrical

servo motors, each controlling a single joint. All the

mechanical parameters are given in Table 1. They are

Figure 1. Overview of the end-to-end optimization pipeline for the elastic elements embedded within our RRR robotic arm. Two
elastic configurations are implemented: PEA and BPEA. Starting from a real-world system identification (A), we calibrate a physics
simulation model to provide rapid and realistic torque evaluations for a pick-and-place task (B). Using the in silico model, we co-
optimize the elastic actuation configurations and trajectory using an evolutionary strategy named CMA-ES (C). Finally, we successfully
transfer the co-optimized elastic elements and trajectory back onto the real-world prototype. PEA: parallel elastic actuation; BPEA:
biarticular parallel elastic actuation; CMA-ES: covariance matrix adaptation evolution strategy.

Table 1. Mechanical parameters of the robot arm.a

Link 1 Link 2 Link 3

m (kg) 4:480 4:045 2:181
l (m) 0:07 0:3 0:3
lc (m) 5:08e� 2 8:06e� 2 1:08e� 1
Ixx (kg�m2) 6:292e� 2 1:440e� 2 4:90e� 3
Ixy (kg�m2) 0 4:9e� 4 0
Ixz (kg�m2) 6:49e� 3 9:67e� 3 2:4e� 4
Iyy (kg�m2) 3:266e� 2 6:831e� 2 6:839e� 2
Iyz (kg�m2) 0 0 0
Izz (kg�m2) 6:292e� 2 5:738e� 2 6:460e� 2

Joint 1 Joint 2 Joint 3

_qmax (�/S) 90 90 90
€qmax (�/S2) 180 180 180

am is the mass, l is the length, lc is the distance between the joint and the
center of gravity of the corresponding link, Iij (i ¼ x; y; z and j ¼ x; y; z) are
the inertia parameters with respect to the center of gravity of the corre-
sponding link, _qmax is the maximum speed allowed, and €qmax is the
maximum acceleration allowed.
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found by using CAD software (Inventor) and validated

experimentally, where stress analysis is performed to

ensure that the prototype built with these parameters can

handle a payload of 5 kg. Furthermore, limits of maximal

angular velocities are chosen very close to the ones of the

Kuka LBR iiwa 7 R800 to ensure safety, and maximal

accelerations are imposed to ensure the smooth operation

of the actuators. The equations of motion of the robot are

given by26

MðqÞ€qþ Cðq; _qÞ _qþGðqÞ ¼ τ1; (1)

where MðqÞ is the mass matrix (also called inertia matrix),

q are the joint displacements, Cðq; _qÞ is the matrix of

Coriolis and centrifugal forces, GðqÞ is the gravitational

torque vector and τl is the load torque vector (also called

the input torque seen by the actuator). Note that MðqÞ,
Cðq; _qÞ and GðqÞ can be derived from Table 1 using

Lagrangian mechanics.

Parallel elastic actuation

PEA places a spring in parallel with the actuator of a

specific joint (Figure 2). It is considered as a monoarticular

type of elastic actuation since it produces a torque only on

the joint on which the parallel spring is placed. When PEAs

are added to a robot’s joints, its equations of motion can be

written as

MðqÞ€qþ Cðq; _qÞ _qþGðqÞ ¼ τ1 þ τp; (2)

where p is the torque produced by the PEAs present on each

joint. Since only unidirectional spiral torsion springs are

considered, p is given by

tp;i ¼
�kp;iðqi � qeq;iÞ if qi � qeq;i

0 else
;

�
(3)

where kp;i is the spring stiffness of the parallel springs, qeq;i

is the equilibrium angle of the corresponding springs, and

i ¼ 1; 2; 3 represents joints 1, 2, and 3. The torque pro-

duced by the unidirectional spiral torsion spring is zero

when qi < qeq;i because the extremity of this spring is not

in contact anymore with the shaft on which it is supposed

to rest to produce torque. The optimization of PEA corre-

sponds to optimizing two parameters, namely, the stiff-

ness kp;i and the equilibrium angle qeq;i of the spring. Note

that if the orientation of the unidirectional spiral torsion

spring is inverted, meaning that it starts to compress when

qi � qeq;i, the condition of (3) becomes qi � qeq;i. As a

result, depending on the orientation of the spring, the

direction of the torque that the parallel spring of the PEA

unit can produce is not the same. Nevertheless, since the

gravitational torque is the dominant term in (1) and is

always oriented in the same direction, only the case where

the torque produced by the parallel spring is countering

the gravitational torque can be energy-efficient and is

considered in the optimization.

Biarticular parallel elastic actuation

Biarticular actuation refers to the simultaneous actuation of

two joints by only one actuator or a passive component like

a spring. In this article, since there already is an actuator

controlling each joint, no additional actuator will be con-

sidered so as to not obtain a redundant robotic arm. Instead,

a spring is placed with a biarticular connection. As such, we

create a PEA that spans not only one but two joints, which

we will refer to as “Biarticular Parallel Elastic Actuation”.

In our robot, BPEA is achieved through the use of a

mechanism composed of a unidirectional spiral torsion

spring, a LIROS D-Pro Dyneema cable, and four pulleys

(Figure 3). Note that there are four different arrangements

of BPEA which each lead to different torques produced at

the corresponding joints. Those four arrangements can be

obtained by changing the winding direction of the cable on

the different pulleys. Nevertheless, only one arrangement

can produce a torque on both joints that counteracts gravity.

Therefore, only this arrangement is considered in this arti-

cle. With BPEA, (1) becomes

MðqÞ€qþ Cðq; _qÞ _qþGðqÞ ¼ τl þ τb; (4)

where τb is the torque produced by the biarticular springs

between joints 2 and 3, given by

Figure 2. PEA: τm;i, τ1, τp;i are the motor, load, and PEA-induced
torque, respectively, for joint i. A positive value of qi � qeq;i cor-
responds to the compression of the corresponding parallel spring
and therefore to the production of a torque. PEA: parallel elastic
actuation.

Figure 3. Biarticular parallel elastic actuation.
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tb;i ¼
kb

r2
1

ri ð�r2q2 � r3q3 � r1q0Þ
zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{Dl

if Dl > 0

0 else

;

8>><
>>: (5)

where r1, r2, and r3 are, respectively, the radii of the pulleys

placed on link 1, joint 2, and joint 3, kb is the spring stiff-

ness, q0 is the equilibrium angle of the spring, and i ¼ 2; 3
represents joints 2 and 3. The expression of tb;i is found by

solving the static equilibrium equations for links 2 and 3 as

shown in Figures 6 and 7 in the Appendix. Therefore, when

optimizing BPEA, there are five parameters to optimize,

namely, kb, r1, r2, r3, and q0. Naturally, when PEA and

BPEA are combined, (4) becomes

MðqÞ€qþ Cðq; _qÞ _qþGðqÞ ¼ τl þ τp þ τb : (6)

Actuator energy consumption and torque
requirements

We first explain the relation between (1) and the electrical

energy consumption of the robotic arm actuators. A robot

with three electrical servo actuators with harmonic drive

transmission can be modeled as follows (when the effects

of the inductance are neglected)

J m;i€qi þ ni _qi ¼ k t;iI i � t f ;ið _qi; t l;iÞ; (7)

U i ¼ RiI i þ k t;i _qi; (8)

where J m;i are the inertias of the actuators, ni are the actua-

tors’ friction coefficients, k t;i are the motors’ torque con-

stants, Ii are the motors’ currents, t f ;ið _qi; t l;iÞ are the

torques due to the loads and the losses in the harmonic

drives, Ui are the motors’ voltages, Ri are the electrical

winding resistances of the motors, and i ¼ 1; 2; 3 represent,

respectively, joints 1, 2, and 3. Note that the term k t;iI i is

the actuator torque ta;i. Regarding t f ;ið _qi; t l;iÞ, it is defined

in the following way

t f ;ið _qi; t l;iÞ ¼ c0;isgnð _qiÞ þ cl;it l;i þ cv2;isgnð _qiÞ _q2
i

þ cl2;isgnð _qiÞt l;i (9)

where c0;i, cl;i, cv2;i, and cl2;i are coefficients, and sgn is the

sign function. The determination of those coefficient values

through a characterization of the actuators allows the computa-

tion of the load torque t l;i without the need for any torque

sensor on the robot. Indeed, knowing the velocity, the accel-

eration, and the current of the actuators, t l;i can be computed as

t l;i ¼
1

cl;i þ cl2;isgnð _qiÞ

� �
ðkt;iI i � Jm;i€qi � ni _qi

� c0;isgnð _qiÞ � cv2;isgnð _qiÞ _q2
i Þ (10)

Note that (9) and (10) are specific to the actuators used

in the real-world robot and are not necessarily correct for

other types of actuators.

The electrical energy consumption of the actuators is

given by the integral over the time of the product between

the actuator current and voltage. By isolating the actuator

current Ii in (7), and by taking into account that a pick-and-

place task is considered, meaning that the term that

includes the inertia is zero, one obtains

E ¼
X3

i¼1

ðtf

t0

RiI
2
i þ J m;i€qi _qi þ ni _q

2
i þ tf ;i _qi

� �
dt : (11)

Consequently, there are mainly three ways to reduce the

electrical energy consumption of electrical actuators when

the task the robot has to fulfill cannot be modified: (1)

select an intrinsically efficient actuator, (2) the use of

energy buffers, like elastic elements, and (3) trajectory

optimization. Since the latter two approaches do not depend

on the type of actuator used, they are more general and are

the ones applied in this article. Indeed, by implementing

elastic elements in the system, it is possible to reduce the

first and last terms of (11) by storing and releasing gravita-

tional energy, and therefore, the electrical energy consump-

tion. The reduction of those two terms is explained by the

fact that introducing elastic elements can help to reduce the

load torque, and therefore Ii and tf ;ið _qi; t l;iÞ by looking at

(7). On the other hand, by optimizing the trajectory, it is

possible to decrease all the terms of (11) simultaneously by

optimizing qi, _qi, and €qi. As we aim to minimize torque

requirements in an actuator-invariant and general manner,

we co-optimize the elastic actuation configurations with

the trajectories. Consequently, our cost function becomes

El ¼
X3

i¼1

ðtf

t0

t2
l;iðtÞdt: (12)

Indeed, if (11) is chosen as the cost function instead of

(12), the optimal spring configurations and the trajectory

would be different depending on the actuators used. There-

fore, the optimization would lose its generality. Note that

this cost function allows for the simultaneous reduction of

the root mean square (RMS) and peak load torque. RMS

load torque is closely related to the energy consumption of

the actuator, and, usually, the sizing of the actuator, assum-

ing that the peak load torque is only sustained for a small

amount of time and does not dominate its sizing. Whereas

peak load torque is more related to the sizing of the trans-

mission device. Furthermore, both static and dynamic

effects of the robot are taken into account in this cost func-

tion since t l;i includes the gravitational torque, and the

torques due to inertia, Coriolis, and centrifugal forces of

the robot.

Task definition and in silico optimization

Pick-and-place task

In the manufacturing industry, robotic manipulators are

commonly employed to move objects from one position

Marchal et al. 5



to another. They often work in chains and repeatedly

execute pick-and-place tasks, where speed and consistency

are important features. To increase the industrial relevance

of our results, we also consider a pick-and-place task in our

work. Indeed, pick-and-place tasks cover a lot of applica-

tions (palletizing, bin picking, etc.) for which there is a

payload close to the maximum load that the robot can han-

dle, and where elastic actuation can help to decrease the

actuators’ torque requirements.

Our pick-and-place task is composed of two phases: (1)

The robotic arm moves from its initial position to a known

release position by carrying a payload of 5 kg (called go

phase), and (2) the robotic arm comes back to the initial

position without the payload (called return phase). The

initial/final position is x0 ¼ xf ¼ 0:15 m; y0 ¼ yf ¼ 0 m;
z0 ¼ zf ¼ 0:07 m, and the release position is xr ¼ 0:4 m;
yr ¼ 0 m; zr ¼ 0:07 m as displayed in Figure 1. Note that

the initial and release positions are chosen so that joints 2

and 3 move significantly during the task, while joint 1 is at

a standstill. We made this choice because the load torque

on this joint is negligible compared to joints 2 and 3.

Indeed, gravity does not affect joint 1, and for this type

of robot and task, the load torque is mainly due to gravity.

Therefore, it is not interesting to implement springs on the

first joint to reduce the actuator’s torque requirements, and

making it move is useless (tp;1 ¼ 0 and tb;1 ¼ 0). Conse-

quently, only joints 2 and 3 are studied, and the cost func-

tion becomes

El ¼
X3

i¼2

ðtf

t0

t2
l;iðtÞdt: (13)

For this type of robotic arm, there exist two joint

configurations for which a single end-effector position is

possible, namely, elbow-up and elbow-down configura-

tions. Nevertheless, only the elbow-up configuration is

considered here because it induces fewer collisions

than the elbow-down configuration. As a result, one end-

effector position corresponds to a single angular position of

the joints.

The evolution strategy

To calibrate the in silico manipulator model and to

subsequently optimize its trajectory and the design para-

meters of the springs, we use the covariance matrix adapta-

tion evolution strategy (CMA-ES).27 CMA-ES is a

stochastic and derivative-free method for the numerical

optimization of non-linear or non-convex continuous opti-

mization problems. In general, evolution strategies mimic

principles from biological evolution to optimize a distribu-

tion such that parameters sampled from that distribution

optimize the objective function. In their canonical form, evo-

lution strategies commonly use an n-dimensional isotropic

Gaussian distribution, in which the distribution parameters

only track the mean and standard deviation. CMA-ES

extends upon this by tracking pairwise dependencies between

samples and iteratively updating an additional distribution

parameter: the covariance matrix. Intuitively, the covariance

matrix allows CMA-ES to cast a wider net of samples when

the best candidate solutions are far away or narrow the net

when the best solutions are close together.

Based on preliminary trials, all experiments described

below employ a population size of 64, random initial dis-

tribution means, and an initial standard deviation of 0:15.

A calibrated physics simulation model

Based on the real-world system identification, an in silico

model of the manipulator was made in MuJoCo.28 MuJoCo

is a popular physics engine often used for robot simulation

due to its high fidelity. To minimize the discrepancy

between real-world and simulated results, parameters of

the simulation that are unavailable in the real world are

calibrated using the CMA-ES-based framework proposed

by Urbain et al.24 This framework tunes unknown para-

meters of the in silico model to minimize the difference

between sensor data recorded during several trajectories on

the real-world manipulator and the simulation model.

Urbain et al. apply this framework to the calibration of a

quadruped robot with a fixed morphology to improve the

sim2real transfer of a locomotion controller trained in

silico. We extend upon this and apply this framework to

improve the sim2real transfer of both morphological (elas-

tic elements) and controller (pick-and-place trajectory)

parameters of a manipulator co-optimized in silico. In our

case, valid sim2real transfer denotes a high similarity

between simulated and real-world (load) torque evalua-

tions. The inclusion of both morphological and controller

parameters makes the calibration problem more complex,

as this requires the calibrated in silico model to not only

generalize beyond its original movement but also its orig-

inal morphological configuration.

The parameters we adopt from the real-world system

identification are link geometries (meshes), link masses,

link inertias, actuator torque limits, and the P-controllers’

proportional gains. The calibrated MuJoCo parameters are

joint friction loss (corresponds to a joint’s dry friction),

joint damping (corresponds to a joint’s viscous friction),

and joint armature (corresponds to a joint’s reflected iner-

tia). We calibrate these parameters distinctly for each joint,

as the joints do not have identical properties.

We collect a calibration data set on the real-world

manipulator. This data set includes eight trajectories in

total, each lasting 60 s, and during which we record tra-

versed joint positions qi, velocities _qi, accelerations €qi, and

actuator torques ta;i. The joints are actuated to follow a

sinusoidal sweep with a varying amplitude trajectory,

defined by the following equation for joint i

qi ¼ ai �
t

60
� sin 2p f 0

i � t þ
f 1

i � f 0
i

2 � 60
� t2

� �� �
: (14)
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This definition allows us to vary the frequency (via f 0
i

and f 1
i ) and amplitude (via ai) of the followed sinusoidal

wave during the motion. In half of the trajectories, we

increase this frequency over time ( f 0
i < f 1

i ), while in the

other half, we decrease it over time ( f 0
i > f 1

i ). This change

in frequency causes our calibration data set to contain both

fast-to-slow and slow-to-fast trajectories. The amplitude

always increases over time up to the given target ai, which

we set to the maximum allowed range of motion for

each joint during pick-and-place. We further diversify this

data set by adding or omitting the pick-and-place

payload, and adding or omitting the PEA springs

(with kp;2 ¼ 13:705 Nm
rad

, qeq;2 ¼ 10, kp;3 ¼ 1:318 Nm
rad

, and

qeq;3 ¼ 140). We do not include the BPEA configuration in

our calibration data set to be able to validate the morpho-

logical generalization of our calibration.

Given this data set, we then calibrate our in silico model

of the manipulator by minimizing the normalized root

mean squared error (NRMSE) between recorded load tor-

ques t l during the simulated and the real-world trajectories.

We calculate t l using (10) and normalize the root mean

squared error using the standard deviation of the recorded

real-world load torques.29 We choose to minimize the error

between recorded load torques as this encapsulates joint

velocity, joint acceleration, and actuator torque. Further-

more, as described in the “Actuator energy consumption

and torque requirements” section, our load torque formula

incorporates a real-world characterization of the employed

actuators. While we are unable to directly set the in silico

counterpart of these actuator properties in the in silico

model (MuJoCo does not parameterize these properties),

we hypothesize that minimizing the difference in recorded

load torques stimulates our calibration to mimic these

actuator-related influences by tuning the joint properties.

In essence, we thus shift the responsibility of mimicking

these actuator influences to the joints. In addition, load

torque is the minimization objective in the later elastic

elements and trajectory co-optimization experiments. Con-

sequently, we want to put extra focus on the realism of

these load torque evaluations.

To avoid calibrating the simulation model to imitate

noisy real-world data, we smoothen the recorded real-

world signals using a Savitzky–Golay filter before calculat-

ing the NRMSE.30 Furthermore, we drop the first and last

0.1s of data to avoid edge case instabilities. The resulting

fitness of a candidate solution passed to the CMA-ES opti-

mizer is then the load torque NRMSE summed over the

joints and the eight trajectories.

The results and validation of this calibration are further

detailed in the Results and discussion section.

Elastic element and trajectory co-optimization

Given the different types of elastic configurations, we have

four distinct optimization scenarios: (1) stiff actuation

(SA), (2) monoarticular parallel elastic actuation (PEA),

(3) biarticular parallel elastic actuation (BPEA), and

(4) the combination of monoarticular and biarticular paral-

lel elastic actuation (PEA þ BPEA). In all optimizations,

the elastic configuration is co-optimized with the trajectory

to minimize (13) using CMA-ES. Next to being beneficial

for minimizing torque requirements, the inclusion of tra-

jectory optimization makes the comparison between elastic

configurations fairer.

The SA scenario does not employ elastic elements and

mainly serves as a baseline for comparison. Consequently,

in SA, we only optimize the trajectory. In the PEA scenario,

the elastic parameters include the stiffness kp;i and equili-

brium angle qeq;i of the parallel springs in both the second

and third joints. In the BPEA scenario, the elastic para-

meters are the spring stiffness kb, the joint radii r1::3, and

the initial angle of pretension of the spring q0. Finally, in

the PEA þ BPEA scenario, the elastic parameters include

all of the above.

The trajectory is represented in joint space and is

divided into separate go-phase and return-phase trajec-

tories. This allows specialization within each phase and is

beneficial due to the different characteristics these phases

have as the payload is only attached in the go phase. The

trajectories are defined by fixed start and stop positions (as

discussed in the “Pick-and-place task” section), and five

intermediate points per phase, q
go
1::5 and qreturn

1::5 , to be opti-

mized distinctly for both joints 2 and 3. These points are

then interpolated over time using an Akima spline to form

the complete trajectory.31 The duration of both these

phases, tgo and treturn, is parameterized as well (bounded

between 1s and 5 s) to include trajectory traversal speed in

the optimization. This makes the trajectory parametrization

more expressive and again allows the optimizer to specia-

lize based on payload attachment.

Due to the continuous nature of CMA-ES optimization

and the limited hardware availability, not all optimal para-

meter values can be perfectly replicated on the real-world

prototype. These parameters are the spring stiffness values

(kp;i and kb) and the BPEA joint radii (r1::3). Thus to eval-

uate the optimized parameters on the real-world prototype,

we approximated these parameters by taking their closest

available real-world equivalent. Not all parameters can,

however, be equally closely approximated. To mitigate this

issue and to maintain fairness between the real-world vali-

dation of the different configurations, we re-optimized the

other parameters (spring pretension angles qeq;i and q0, and

joint trajectories), while keeping the approximated ones

fixed. Accordingly, the real-world prototype does not per-

fectly reflect the parameters found in the complete optimi-

zation. Nevertheless, as discussed further below, this

discrepancy is negligible, and the same performance trends

as in the simulator are observed in the real world.

In total, we thus conducted seven co-optimization

experiments: the four original configurations and the three
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counterparts of the PEA, BPEA, and PEA þ BPEA

configurations wherein a subset of the parameters were

fixed to viable real-world values.

Given the stochasticity of CMA-ES, all seven

co-optimization experiments were run for 10 independent

trials. Based on preliminary convergence tests, every trial

was given a strict 1000-generations cut-off. Given the pop-

ulation size of 64, this is equal to a total of 64,000 evalua-

tions per trial. We substantiate our conclusions by applying

statistical significance tests on the data obtained across all

of these in silico trials. As we cannot assume the normality

of recorded values, p-values are obtained with the Mann–

Whitney rank-sum test. p < 0:05 was chosen as the thresh-

old for statistical significance.

Results and discussion

Code for reproduction and videos of the simulated and

real-world pick-and-place trajectories can be found on the

project webpage (https://sites.google.com/view/elastic-

actuation).

Validation of the in silico model calibration

A quantitative validation of the calibration is provided in

Table 2. This table provides the NRMSE (defined in the

“A calibrated physics simulation model” section) between

recorded simulation and real-world joint angles q, joint

velocities _q, joint accelerations €q, actuator torques τa, and

joint load torques τl. An NRMSE value of zero corresponds

to a perfect fit of the simulation signal on the real-world

signal. An NRMSE value larger than one means that the

average difference between both signals is higher than the

standard deviation of the real-world signal, given that we

normalize using this standard deviation. More intuitively, a

constant simulation signal with a value equal to the average

of the real-world signal would correspond to an NRMSE

value of one. A simulated signal with an NRMSE lower or

higher than one thus corresponds to, respectively, a better

or worse fit than such a constant signal. The low load

torque NRMSEs (the maximum is 0:4470) show that the

calibration gives the in silico model a good fit on the cali-

bration data set.

Table 2 also reports the recorded NRMSEs after the

sim2real transfer of the co-optimized elastic elements and

trajectory parameters. This comparison allows us to vali-

date the generalization ability of the calibrated model to

different elastic actuation configurations and trajectories,

not included in the calibration data set. The results show an

overall increase in load torque NRMSE for all configura-

tions (the minimum is 0:7401) compared to the NRMSEs

recorded on the calibration data set. Nevertheless, the load

torque NRMSEs of the PEA, BPEA, and PEA þ BPEA

configurations are below one, indicating a suitable fit. The

load torque NRMSE of the SA configuration is, however,

equal to 2:0031, indicating a poor fit.

A qualitative validation of the sim2real transfer of the

co-optimized elastic elements and trajectory parameters is

given in Figure 5. This figure shows the recorded simula-

tion and real-world load torques of all configurations over

trajectory time. For the BPEA (Figure 5(c)) and PEA þ
BPEA (Figure 5(d)) configurations, we can indeed see an

appropriate fit. The simulated counterpart mainly provides

a smoother version of the locally oscillating real-world load

torques. Concerning the SA (cf. Figure 5(a)) and PEA (cf.

Figure 5(b)) configurations, we can see that, although the

simulated load torques follow a similar trend as the real-

world load torques, there exists a slight offset between

them. The PEA load torque NRMSE does not reflect this

discrepancy due to the high standard deviation in its real-

world load torque (we use standard deviation to normalize

the RMSE).

The offset in load torque mainly originates from an

underlying offset in actuator torque. This indicates that the

tuned in silico friction properties do not perfectly mimic

their real-world equivalent. A perfect match is, however,

hard to attain since our in silico model does not explicitly

include the effects of actuator frictions, load-dependent

joint frictions caused by radial loads on the bearings, and

harmonic drive frictions. Instead, our calibration step tries

to imitate these effects by tuning the joint frictions, damp-

ing, and armatures using a cost function that is reliant on

real-world system identification of these missing effects.

While this succeeds for part of the trajectory space, as

demonstrated by the lack of such a torque offset in the

sim2real transfer of calibration trajectories and the BPEA

Table 2. NRMSE between recorded simulation and real-world values after calibration, averaged over joints and trajectories.a

Calibration data (train) Co-optimization data (test)

q _q €q τa τl q _q €q τa τl

SA 0.0900 0.0806 0.1058 0.1764 0.4470 0.0552 0.3872 0.4470 1.2748 2.0031
PEA 0.0704 0.0776 0.1038 0.1662 0.3750 0.0068 0.0950 0.5871 0.2871 0.7401
BPEA / / / / / 0.0036 0.0923 0.6355 0.3030 0.9002
PEA þ BPEA / / / / / 0.0046 0.0999 0.6645 0.2528 0.8521

NRMSE: normalized root mean squared error; SA: stiff actuation; PEA: parallel elastic actuation; BPEA: biarticular parallel elastic actuation.
aNext to providing the errors on the calibration data set, we also provide the errors measured after the sim2real transfer of the co-optimized elastic
elements and trajectory parameters.
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and PEA þ BPEA pick-and-place trajectories, other parts

of the trajectory space exhibit a higher discrepancy. This

discrepancy is highest for the go phase of the SA config-

uration because its optimized trajectory induces much

higher joint velocities than the ones encountered in the

calibration trajectories. Figure 4 demonstrates this.

Although our calibrated in silico model thus manages to

generalize to unseen elastic actuation configurations, this

shows that the generalization ability of our calibration is

limited in the trajectory space. Consequently, there may

exist a better real-world trajectory (for the SA and PEA

configurations); one that the in silico co-optimization did

not converge to due to the in silico load torque evaluations

being slightly off in part of the trajectory space. Neverthe-

less, we do not require a true global optimum for each

trajectory, as our focus lies on a comparative analysis

between the different elastic actuation configurations. In

this comparative analysis, our main interest lies in the rank-

ing of their ability to reduce torque requirements and in the

analysis of their torque behavior. This ranking remains

Figure 4. Scatterplot of the encountered joint position and joint
velocity combinations of the second joint ðq2; _q2Þ in the calibra-
tion data and in the optimized pick-and-place trajectory for the SA
configuration. This demonstrates the discrepancy between tra-
versed joint velocities during the go phase of the SA configura-
tion’s pick-and-place trajectory and the joint velocities covered by
the calibration data set.

Figure 5. Evolution of the total load torque and (except for the stiff baseline) torque provided by the elastic elements during the
pick-and-place trajectory. Total (load) torque is defined as the sum of the (load) torque on joints 2 and 3. Similarly as done in the
calibration, here we also apply the Savitzky–Golay filter to smoothen the signals and we drop the first and last 0.1 s of each phase to
avoid edge case outliers. This explains the discontinuities between the signals of the go and return phases.
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valid, as (1) the same ranking persists when transferring the

in silico co-optimization results to the real-world manipu-

lator (as discussed further below and shown in Table 3),

and (2) the simulator undershoots the amount of load torque

required in these less accurate cases, thereby reducing the

risk of these inaccuracies unfairly promoting the SA and

PEA configurations and changing the rank. The analysis of

the torque behavior of these elastic actuation configurations

also remains valid, as the simulated load torque follows the

same trends as the real-world load torque. We mainly

include trajectory in the elastic elements optimization to

avoid unintentionally favoring a certain elastic configura-

tion due to the ad hoc definition of a fixed trajectory that is

shared among these configurations. Although this makes

the calibration more complex, we can thus conclude that

this calibration is sufficient for our aims and that our sim2-

real transfer is successful.

Comparison of the elastic actuation configurations

Table 4 provides the best parameters found across all trials

for each configuration. The resulting simulated and real-

world cost, the RMS load torque, and the peak load torque

(cf. (13)) are shown in Table 3. We present these values as

relative decreases with respect to the values recorded with

the SA baseline. These relative decreases demonstrate

that implementing elastic elements in the robot structure

heavily reduces the torque requirements of both joint’s

actuators.

When evaluated in the physics simulator, the fully

optimized PEA configuration reduces the total load torque

cost (cf. (13)) of the SA baseline by 73% (66% and 77% for

the second and third joints, respectively). The fully opti-

mized BPEA configuration further improved upon this by

reducing the total cost by 93% (87% and 96% for the sec-

ond and third joints, respectively). As to be expected, the

Table 3. Relative decrease in load torque requirements for every configuration, with respect to the stiff baseline (SA).a

Cost E1 RMS load torque Peak load torque

Simulation Real world Simulation Real world Simulation Real world

*Joint 2

PEA 66% / 60% / 32% /
PEA* 66% 62% 60% 58% 37% 6%
BPEA 87% / 76% / 37% /
BPEA* 89% 93% 78% 82% 40% 33%
PEA þ BPEA 91% / 81% / 52% /
PEA þ BPEA* 92% 94% 80% 83% 49% 41%

*Joint 3

PEA 77% / 67% / 40% /
PEA* 77% 70% 67% 63% 41% 42%
BPEA 96% / 87% / 75% /
BPEA* 95% 93% 85% 83% 75% 73%
PEA þ BPEA 98% / 91% / 78% /
PEA þ BPEA* 95% 95% 85% 85% 74% 66%

SA: stiff actuation; RMS: root mean square; PEA: parallel elastic actuation; BPEA: biarticular parallel elastic actuation.
aThe complementary configurations in which a subset of the parameters was fixed to feasible real-world values are marked with *.

Table 4. Optimal parameter values found for every spring configuration.a

PEA BPEA Trajectory

joint 2 joint 3

kb

(Nm/rad) q0 (�) r1 (mm) r2 (mm) r3 (mm) tgo (s) treturn (s)
kp;2

(Nm/rad) qeq;2 (�)
kp;3

(Nm/rad) qeq;3 (�)

SA / / / / / / / / / 1.2380 2.2960
PEA 13.7039 117.8275 0.6979 134.6711 / / / / / 3.3980 4.1260
PEA* 13.7052 119.0402 0.8755 111.4945 / / / / / 3.4400 4.1320
BPEA / / / / 9.9179 �71.4740 14.1 35.9 14.0 4.4897 3.5141
BPEA* / / / / 10.9664 �66.5492 15.0 36.0 14.0 4.1480 3.7780
PEA þ BPEA 8.3133 101.5964 0.3873 134.4276 13.6963 �12.3297 14.0 36.0 18.6 3.7039 4.7141
PEA þ BPEA* 8.2276 107.7522 0.6589 62.4224 13.7052 �8.5629 14.0 36.0 19.0 3.5000 4.1740

SA: stiff actuation; PEA: parallel elastic actuation; BPEA: biarticular parallel elastic actuation.
aThe complementary configurations, in which a subset of the parameters (kp;2, kp;3, kb, and r1::3) was fixed to feasible real-world values, are marked with
*. tgo and treturn correspond, respectively, to the duration time of the go and return phases.
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PEAþ BPEA configuration reflects the best of both worlds

and further improves upon both individual configurations

by reducing the baseline’s total load torque cost by 95%
(91% and 98% for the second and third joints, respec-

tively). Taking into account all 10 in silico optimization

trials, we can conclude that in this scenario (1) PEA, BPEA,

and PEAþ BPEA significantly outperform the SA baseline

(p ¼ 0:000091 < 0:05), (2) BPEA significantly outper-

forms PEA (p ¼ 0:000091 < 0:05), and (3) PEA þ BPEA

significantly outperforms BPEA (p ¼ 0:012874 < 0:05).

Given these results, it can be seen that the BPEA config-

uration serves as the main contributor to the PEA þ BPEA

configuration’s performance.

The complementary configurations (marked with an

asterisk in Table 3), in which part of the parameters are

fixed by real-world approximations, express similar sta-

tistically significant in silico results. As they show sim-

ilar performance as in the complete optimizations, we

can conclude that the approximated parameters to be

used on the real-world prototype satisfyingly reflect the

optimum found in the complete optimizations. In the

case of the BPEA configuration, the approximated para-

meters even provided superior performance. This shows

that the evolutionary optimizer does not guarantee a

global optimum even when given multiple trials. Nev-

ertheless, the true global optimum is not required as our

focus lies on a comparative analysis between the differ-

ent elastic configurations. As the difference in perfor-

mance is small, we can assume that the global optimum

is nearby. Moreover, as the results demonstrate statisti-

cal significance, we can safely assume the validity of

these conclusions. When evaluating these parameters on

the real-world prototype, we observe a similar trend as

shown by the in silico results. This similarity serves as

an additional validation of the physics simulator cali-

bration (see “A calibrated physics simulation model”

subsection).

Since our work uses the same robot and considers the

same pick-and-place positions and payload as Marchal

et al.,1 we can compare our findings with theirs. Whereas

our results show the superior performance of BPEA over

PEA, in the results obtained by Marchal et al., PEA out-

performs BPEA. This highlights the importance of consid-

ering trajectory optimization to obtain a fair comparison

between the different elastic actuation configurations.

Furthermore, co-optimizing the trajectory with spring char-

acteristics can lead to higher decreases in RMS and peak

load torques for both joints than when the trajectory is

fixed. Indeed, in the work of Marchal et al., it was only

possible to reduce the RMS load torque for the PEA þ
BPEA configuration, respectively, by 41% and 16% for the

second and third joints. On the other hand, when the tra-

jectory is co-optimized with the spring parameters, it

decreases by 83% and 85% for, respectively, the second

and third joints.

Torque requirements analysis

When investigating the torque requirements of an actuator,

two values are important, namely, its nominal and peak

torque. Accordingly, the decrease of the RMS and peak

load torques with respect to the stiff baseline is also given

in Table 3. The nominal torque is often computed as the

maximum value of the RMS torque without thermal over-

load in the electrical motors’ datasheet. Looking at

Table 3, we can see that minimizing El also helps to sig-

nificantly decrease the RMS and peak load torque, and

therefore the torque requirements. As discussed in the

introduction, a decrease in the torque requirements leads

to a reduction of the size and weight of the actuators,

which consequently leads to a price reduction of the actua-

tor and increases safety.

By looking at (3) and (5), the torque profile produced by

the BPEA is described with more variables than that of a

PEA. Indeed, BPEA produces a torque on both joints that

depends on 7 variables, namely, kb, r1, r2, r3, q0, q2, and q3,

while the torque produced by PEA on each joint depends on

2� 3 ¼ 6 variables, namely, kp;2, qeq;2, and q2, and kp;3,

qeq;3, and q3. The fact that the number of variables to opti-

mize is higher in BPEA than in two PEAs placed on the

corresponding joints explains why BPEA can decrease the

load torque during the task more significantly. This is con-

firmed by looking at Figure 5(b) and (c), where one can see

that BPEA can adapt its torque profile better than PEA due

to its increased expressiveness. Consequently, BPEA

attains a smaller total load torque than PEA.

Let us now explain the role of the PEA and the BPEA in

the PEA þ BPEA configuration. As shown in Figure 5(d),

BPEA produces torque almost exclusively during the go

phase, meaning that it is mainly used to compensate for

the payload. On the other hand, PEA provides torque dur-

ing both phases but with a lower amplitude than BPEA.

Therefore, one can conclude that its produced torque serves

mainly to compensate for the robot’s weight. However,

when PEA and BPEA are implemented individually, their

roles are different since they simply try to minimize the

load torque during the entire task.

One can also see in Table 3 and Figure 5(c) and (d) that

the total load torque of the BPEA case and the BPEA þ
PEA case are very similar. Indeed, the majority of the load

torque handled by the PEA in the PEA þ BPEA configura-

tion is handled by the BPEA in the BPEA configuration.

That is why there is not a big difference in terms of load

torque decrease between those two configurations. Never-

theless, the PEA þ BPEA configuration remains best, as

this coordinated ensemble allows each form of elastic

actuation to specialize its role.

Trajectory analysis

There are mainly two ways in which the trajectory can

influence the chosen cost function (the integral of the
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squared load torques summed over both joints (13)). The

first one is to reduce load torque over the whole task. That

is what is done for the PEA, BPEA, and PEA þ BPEA

configurations where the trajectory is optimized such that

the torque profile generated by the springs resembles the

load torque that the actuators should provide without the

springs. The second option is to reduce the task duration,

which happens in the SA configuration case. Indeed, since

there is no spring in this configuration, it is not possible to

reduce the load torque during the whole task, especially at

the beginning and end of each phase where the robot has to

be in imposed positions due to task requirements. Never-

theless, there exists some lower bound on the task duration

as a too-high decrease would increase the inertia torques

and the torques due to the Coriolis and centrifugal forces,

and therefore increase the load torque.

Concerning the optimal duration time for the go and

return phases, one can see in Table 3 that there are no

significant differences between the different configura-

tions, except for the stiff actuation (SA). Indeed, the opti-

mal duration times for both phases are always between

3.3s and 4.8s. Therefore, one can conclude that the robot

arm should not go too rapidly to not significantly increase

the inertia torques and the peak torque and should not go

too slowly to not have to stay too long in the region of the

trajectory where the load torque is high, which will

increase the RMS load torque. Furthermore, no trend

shows that it is better to go faster (or slower) in the go

phase than in the return phase. Indeed, for the PEA and

PEA þ BPEA configurations, the duration time of the go

phase is shorter than in the return phase, but it is the

opposite for the BPEA configuration.

Conclusion

In this work, we analyzed and compared the influence of

monoarticular and biarticular elastic elements on actuator

torque requirements. With a focus on industrial relevance,

this comparison was carried out on an RRR robot manip-

ulator for a pick-and-place task. Our findings have demon-

strated the ability of elastic actuation to reduce actuators’

torque requirements heavily. In contrast to previous work,

our comparison has shown the superior performance of a

biarticular configuration compared to the monoarticular

alternative when trajectory optimization is included.

Underlying our comparison, we have demonstrated an

end-to-end robotic design and controller co-optimization

pipeline based on a calibrated general-purpose physics

engine and have shown its capability for successful

sim2real transfer. Consequently, this work provides a prac-

tical and general methodology for the torque-reducing use

of elastic actuation. Given that the proposed approach mini-

mizes torque requirements in an actuator-invariant manner,

it can be seen as a general methodology for energy reduc-

tion in robotics. However, this conclusion is based on some

limitations: (1) fixed choices made in the task specification,

such as the initial and release positions and payload,

(2) type of actuators’ control (velocity control with feed-

back on the position), (3) constant radii of the BPEA pull-

eys, and (4) a lower simulator fidelity in part of the

trajectory space. In future work, we will broaden our anal-

ysis to multiple variations of our task and other types of

robots, including different payload weights and shapes, dif-

ferent initial and release positions, more degrees of free-

dom in the robot, and pulleys for the BPEA with a variable

radius. We will also consider other types of control than

position and velocity control. Indeed, with the type of con-

trol used in this article, the torque produced by the elastic

elements is only used to reduce the torque requirement of

the actuators, but the controller does not allow for exploit-

ing the natural dynamics of the system (robot structure and

springs). Nevertheless, other types of control can do that,

and it could be interesting to investigate it. It will help us to

understand if the same conclusions can be deduced for

different types of robots, tasks, controls, and pulleys, and

if the energy efficiency can be increased even more. In

addition, we will extend upon the elastic actuation analysis

by including other configurations, such as series elastic

actuation. Finally, we will improve the calibration of the

in silico model by explicitly modeling actuator and load-

dependent joint frictions and by collecting a more diverse

calibration data set that is more targeted toward pick-and-

place trajectories.
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Appendix

Figure 6. Free-body diagram of link 2 with BPEA. Fx;2 is the
horizontal reaction force on joint 2, Fy;2 is the vertical reaction
force on joint 2, Fb;2 is the force of the BPEA on joint 2, and qd is
equal to�arcsin r2�r3

l2
. Note that gravitational forces are removed

for clarity.

Figure 7. Free-body diagram of link 3 with BPEA. Fx;3 is the
horizontal reaction force on joint 3, Fy;3 is the vertical reaction
force on joint 3, and Fb;3 is the force of the BPEA on joint 3. Note
that gravitational forces are removed for clarity and that the value
of Fb;3 is the same as Fb;2.
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