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Abstract—Limited resources and resulting energy crises occur-
ring all over the world highlight the importance of energy effi-
ciency in technological developments such as robotic manipula-
tors. Efficient energy consumption of manipulators is necessary to
make them affordable and spread their application in the future
industry. Previously, the power consumption of the robot motion
was the main factor considered in the evaluation of energy effi-
ciency. Lately, the paradigm in industrial robotics shifted towards
lightweight robot manipulators which require a new investiga-
tion on the disaggregation of robot energy consumption. In this
paper, we propose a novel pipeline to identify and disaggregate
the energy use of mechatronic devices and apply it to lightweight
industrial robots. The proposed method allows the identification of
the electronic components consumption, mechanical losses, electri-
cal losses, and required mechanical energy for robot motion. We
evaluate the pipeline and understand the distribution of energy
consumption using four different manipulators, namely, Universal
Robot’s UR5e, UR10e, Franka Emika’s FR3, and Kinova Gen3.
The experimental results show that most of the energy (60–90%) is
consumed by the electronic components of the robot control box.
Using this knowledge, the approaches to further optimize their
energy consumption need to shift towards efficient robot electronic
design instead of efficient robot mass distribution or motion control.
Finally, our disaggregation pipeline allows an understanding of the
power consumption of any mechatronic device and thus enables
deliberate optimization of energy consumption.

Index Terms—Energy and environment-aware automation.
industrial robots, engineering for robotic systems.

I. INTRODUCTION

L IGHTWEIGHT Industrial Robots (LIRs) are an essential
part of industrial automation and supply chain optimization
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Fig. 1. Energy Consumption Disaggregation Pipeline (ECDP) of Lightweight
Industrial Robots: Method to divide the energy consumption of a robot in five
principal consumer groups: Output Mechanical EnergyEM , Mechanical Losses
LM , Electrical Losses LE , Braking Energy EB , and Electronics Components
Consumption EE .

for the industry of the future [1], [2]. They can operate alongside
workers and improve production quality, worker safety, and
labor shortage by taking on highly accurate, repeatable, or
hazardous tasks [2]. As a result, the number of new collaborative
robots increases yearly, e.g., by 50 % in 2021 [1]. The Energy
Consumption (EC) of LIRs is indeed smaller than their heavier,
high-payload counterparts. However, we posit that the smaller
window for energy savings in lightweight industrial robots
should not undermine its significance. Even marginal energy
savings per unit, when extrapolated across thousands of robots,
can result in considerable energy conservation at larger scales.
Significant efforts have been applied to traditional industrial
manipulators to optimize EC by minimizing the mechanical
energy required for motion, such as in trajectory planning [3],
[4]. However, when it comes to optimizing the EC of LIRs, the
mechanical motion energy might not be a sufficient parameter.
This is because LIRs have a lighter, more flexible structure,
which requires less mechanical energy for movement in com-
parison to the required electrical energy. LIRs are equipped with
numerous sensors, such as torque, current sensors, in conjunc-
tion with advanced control algorithms. These enhancements aid
in collision detection and safe human-robot interaction, thereby
ensuring secure human-robot co-working environments. It is
anticipated that the EC associated with the electronics of LIRs
will be greater compared to their counterparts. Identifying the
optimization parameters for the LIR’s energy efficiency, thus,
requires selective disaggregation and modeling of the EC.

In this letter, we introduce the energy consumption disaggre-
gation pipeline (ECDP) to identify and disaggregate the EC of
robot manipulators. For this, we propose a model that splits the
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EC into five groups of electronic consumers and sources of EC,
as depicted by Fig. 1: Electrical Losses, Mechanical Losses,
Output Mechanical Energy, Braking Energy, and Electronic
Components’ Consumption. Then, we apply the pipeline to
four LIRs Universal Robot UR5e, UR10e, Franka Emika FR3,
and Kinova Gen3. Following, we analyze the distribution of
EC for LIRs and discuss the resulting parameters for energy
optimization in LIR design and control. Finally, we propose
novel optimization strategies for LIR EC.

This letter is structured as follows. Section II summa-
rizes techniques to analyze the EC of robot manipulators. In
Section III, we define a model for EC. In Section IV, we describe
the ECDP, and in Section V, we present the results of the
method applied to the following robots, UR5e, UR10e, FR3, and
Gen3. In Section VI, we analyze the results of the experiments
and propose new perspectives on how to optimize EC. Finally,
Section VII concludes this work.

II. STATE OF THE ART

Previously, EC of manipulators was analyzed using two meth-
ods: 1) mathematical models, e.g., [4], [5], [6], [7], [8], [9], [10],
[11], [12] and 2) inductive models based on experiments [3],
[13], [14], [15], [16].

EC models for industrial robots (IRs) were developed based
on the mechanical energy required to move the robot in [4], [5],
[7], [9]. Furthermore, the EC of the electrical components of the
drive system was included in the models by [6], [8], [10], [11],
[12], [17]. However, the EC of the other components such as the
controller (onboard computer), joint microcontrollers, sensors,
and ventilators are ignored, and the inaccuracy of existing energy
models results in a strong deviation between simulations and
real power consumption [3]. Besides, the models have been
trained and developed for traditional IRs. The accuracy of the
models might decrease when they are tested in LIRs because
the EC of the components ignored in the traditional models is
important. In [18], an EC model for LIRs which includes the EC
of electronic elements was presented.

In the second approach, authors have proposed experimental
procedures to analyze the effect of operational factors, such as
stand-by positions, payload, velocity limits, acceleration limits,
and others on the EC. For example, the payload influence on the
energy increment is quantified [4], [5], [7], [13], [14], [15] and
the relationship between joint configuration in defined stand-by
positions and robot EC was investigated by [14]. Research
groups also analyzed the relationship between acceleration and
velocity limits to the EC [3], [6], [13], [14], [17]. The tempera-
ture of the motors has been examined in [3], [14], showing that
the EC is inversely proportional to the temperature. Lastly, the
effect of the release of joint brakes, which are mechanisms used
to maintain the robot’s position on EC was shown in [3], [6],
[8], [14].

These two approaches qualitatively analyze the EC, but they
do not quantify and disaggregate the energy use of the manipula-
tor components. Energy disaggregation is a method traditionally
used in building science for analyzing and optimization of EC
on buildings [19]. To the best of the authors’ knowledge, this
method to examine the EC has not yet been applied to quantify
and methodically disaggregate the EC of mechatronic devices,
especially LIRs. However, such analysis is required to improve
the energy efficiency of LIRs.

III. ENERGY MODEL OF A MANIPULATOR

Our strategy selected to analyze the EC of LIRs is a hybrid 
modeling approach consisting of a data- and process-driven 
model. Firstly, this section proposes a process-driven model 
based on the EC of the components of the robot.

Based on the manuals and user guides from the robot man-
ufacturers [20], [21], [22] and on the mathematic models for 
manipulators presented by [17], [18], we observed five consumer 
groups that use energy on a manipulator. The total EC of a 
manipulator depicted by Fig. 1 is defined as

ER = EE + EB +ΔEK +ΔEP + LM + LE , (1)

where EE , EB , ΔEK , ΔEP , LM , and LE denote the EC of
electronic components, chopper resistor, variation of kinetic
energy, variation of potential energy, mechanical losses, and
electrical losses. In the following, the consumer groups are
explained in detail and defined.

A. Electronic Components’ Consumption (EE)

This consumer group corresponds to the EC of any component
of the robot that consumes electrical energy except motors,
brakes, and braking resistor, such as components of the electri-
cal and electronic boards, microcontrollers, sensors, electronic
drivers, pendants, and onboard computers.

The Onboard Computer is responsible for communicating
with all joints, ensuring safety procedures, managing on-robot
programming, and interfacing with external computers. The
Power Supply Unit converts the input energy source, typically
AC, to the DC form used by all electronic components. The
pendant, a touchscreen device, facilitates communication with
the onboard computer. The robot’s sensors monitor various
operational parameters in the controller (temperature, voltage,
current), each joint (torque, current, encoder, motor tempera-
ture), and the end effector (force and torque). Modern robots
feature microcontrollers within each joint that interpret motor
sensor data, execute low-level motor control, and emit high-
frequency control electrical signals. Additionally, the robotic
system houses general electronic components, such as LEDs, re-
sistors, capacitors, voltage regulators, and inductors. To enhance
functionality, some manufacturers have integrated additional
devices, including cameras, extra sensors, and input-output elec-
trical ports.

B. Output Mechanical Energy (EM = ΔEk +ΔEP )

As output energy, we define the energy required to accelerate
and decelerate the robot’s rigid body and its payload. This
component of EC is equal to the variation of the potential
and kinematic energy of the system. The mechanical losses
and output energy can be obtained by multiplying the joint
electromagnetic torque τi(t), which includes the friction torque,
by the joint velocity θ̇i(t), i.e.,

EM + LM = ΔEK +ΔEP + LM

=
N∑∫

τi(t) · θ̇i(t)dt , (2)

such that

ER = EE + EB + LE +
N∑∫

τ(ti)θ̇i(t)dt . (3)

Additionally, the positive mechanical output energy, denoted as
E+

M , is defined as the comprehensive energy needed to accelerate
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(an increase in kinetic energy) and elevate (an increase in poten-
tial energy) the mechanical structure and payload. This definition
takes into account mechanical losses. In essence, this value
quantifies the energy that the source must supply to successfully
complete the task, such that

Pi =

{
τi(t) · θ̇i(t) ifτi(t) · θ̇i(t) > 0

0 ifτi(t) · θ̇i(t) < 0
, (4)

E+
M =

N∑∫
Pi(t)dt . (5)

C. Mechanical Losses (LM ) [23], [24]

This energy is the work required by the motors to overcome
friction and windage forces and depends on the joint velocities.

Viscous Friction: The viscous friction caused by the shear stress
of fluid layers depends on motor relative velocity, i.e, this
friction is zero when the motor is stopped and it rises as soon
as the velocity increases. Thus, this motor power loss PV

depends on the robot velocity θ̇ and is proportional to the
square of the joint velocity by a factor fv , such that PV =
fv θ̇

2.
Coulomb Friction: Unlike viscous friction, Coulomb friction

occurs between two contacting rigid surfaces. The magnitude
of this friction depends on the normal force applied to the
contact location and surface properties of the contacting ma-
terials, and its direction is inverse of motor motion direction.
Thus, this power loss PS is proportional by a factor fc to the
absolute value of the velocity, such that PS = fc |θ̇|+ fo θ̇.

Windage: Windage denotes the power loss due to the air resis-
tance around the motor. The power consumption is propor-
tional to the cube of the velocity by a factor fW , such that
PW = fW θ̇3.

Overall, the mechanical losses depend on the motor velocities
and thus on the robot’s trajectory. Trajectories that generate slow
motion or minimize the required motor deflection consume less
energy.

Finally, the overall mechanical loss becomes

LM =

N∑∫
τfi(t) · θ̇i(t)dt , (6)

τfi = fvi · θ̇i + fci · sign(θ̇i) + foi + fwi θ̇2i , (7)
where fvi, fci, foi, fwi, and N represent viscous friction
coefficient, Coulomb friction coefficient, Coulomb friction
offset, windage friction coefficients, and a number of joints,
respectively.

D. Electrical Losses (LE) [23], [24]

This consumer group contains the energy losses during the
electromechanical energy transformation by the motors, such
as copper losses, iron losses, stray losses, and switching losses.
The amount of these losses depends on the motor currents, as
explained in more detail.

Copper losses: As copper losses we define the energy losses
occurring due to the resistance of the winding cooper. These
losses are proportional to the square of the DC input current
I and the cooper resistance R, such that Pco = R · I2.

Iron Losses: Iron losses occur mostly in the stator and rotor and
are related to magnetic field dissipation. These losses depend
on the maximum flux density (B), which is determined by

coil material and its manufacturing, and on the switching
frequency (f ), such that PFe = f(B, f).

Stray Losses: These losses arise from the non-uniform
distribution of a current in copper. The stray losses are defined
by PSL = kSLI

x, where kSL, I , and x are the stray constant,
motor current, and a parameter to be defined by experimental
evaluation.

Switching Losses: These losses are related to the motor driver
and proportional by the factor kSW to the absolute value of
the motor current I , such that PSW = kSW |I|.

LE =
N∑∫

(vi(t) · ii(t)− τi(t) · q̇i(t))dt , (8)

where vi(t), ii(t), q̇i(t), and τi(t) denote voltage, current, ve-
locity, and torque of the joint i. However, most of the robots do
not have a current and voltage sensor in the motor and this value
can not be measured. Instead, we can apply (3) to determine the
electrical losses such that

LE = ER − EE − EB −
N∑∫

τ(ti)θ̇i(t)dt . (9)

E. Braking Consumption EB

The robot dissipates kinetic and potential energy using two
subsystems:

Mechanical Brakes EMB : These devices hold joint positions
while the robot is stopped and unpowered, and provide dy-
namic stopping in an emergency event. When the brake coils
are magnetized, the disk brake is released allowing the joint
to move. The brake coils’ consumption is independent of the
motor current, speed, or position, and is constant while the
brake disk is released.

Regenerative Brakes ERB : Robots possess a chopper resistor
that regulates the voltage of the DC bus. When the robot re-
duces its kinematic energy or potential energy, motors behave
like generators that return energy to the system increasing
the DC bus voltage. This resistor transforms unused energy
into heat keeping the voltage in a safe range. If the DC
bus increases, the electronic components might not function
properly or get damaged. The energy dissipated by this re-
sistor is estimated by the negative mechanical power, which
represents the energy to decelerate the manipulator structure
and payload,

P−
i =

{−τi(t) · θ̇i(t) ifτi(t) · θ̇i(t) < 0

0 ifτi(t) · θ̇i(t) > 0
, (10)

ERB =
N∑∫

P−
i (t)dt . (11)

The regenerated energy is used by the motor to compensate
for the electrical losses or the consumption of other com-
ponents, i.e., this energy can be dissipated before it reaches
the resistor [25]. An additional power sensor is required to
differentiate between the regenerative braking energy and the
electrical losses. To avoid the use of additional hardware, we
cluster the electrical losses and regenerative braking energy
in only one term, such that

L∗
E = LE + ERB , (12)

and this term is estimated using the following equation

L∗
E = ER − EE − EMB −

N∑∫
τ(ti)θ̇i(t)dt . (13)
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Fig. 2. ECDP: this method is based on two steps to identify five consumer groups. The figure summarizes method procedures and equations to quantify the
energy of each consumer group.

Fig. 3. Power measurements for fixed energy consumption: electronics’ com-
ponents consumption EE and mechanical brakes consumption EMB .

IV. THE ENERGY CONSUMPTION DISAGGREGATION PIPELINE

Based on the theoretical disaggregation of the system EC we
suggest a pipeline to experimentally identify the major subsys-
tems’ energy consumption. The approach is depicted in Fig. 2
and the required steps are explained in detail in the following.

A. Step 1: Identification of Fixed Energy Components

The robot is composed of two fixed consumer groups, i.e, elec-
tronics components’ consumption EE and mechanical brakes
EMB , as it is shown in Fig. 3.

The energy consumption EE can not be precisely measured
by non-intrusive methods. To disaggregate the EC of each EE

subcomponent, additional sensors are required in each of these
elements. In this letter, we propose a method to estimate the EE

while the robot is stationary. Even when the robot is stationary it
still computes operations to maintain the manipulator position.
Besides, the robot was tested using low-expensive computing
activities using basic high-level robot commands. Therefore,
we assume that the consumer group EE is similar in standby
position and during the robot operation.

1) Electronics Components’ Consumption EE: The elec-
tronics components such as sensors, cameras, and other periph-
erals are located in the controller and manipulator. We differen-
tiate the energy consumption of these subconsumer groups:

Controller Power (PRC): The energy of the controller box is
measured when the manipulator is disconnected from the
controller. Therefore, the power consumption of the controller
PRC is equal to the electrical power measured by the power
analyzer PA. This measurement corresponds to the consump-
tion of the onboard computer, energy source, internal sensors,
electronic elements of controller electrical boards, pendant,
and any additional device connected to the controller.

Robot Electronic Components’ Power (PRE): The manipulator
is connected to the controller, but the robot is static and the
brakes are not released. Motors are inactive and do not con-
sume any energy. The power consumption PA is measured,
and the power PRE is calculated by PRE = PA − PRC .

The EC of this consumer groupEE depends on the Controller
Power PRC , Robot Electronic Components’ Power PRE , and
operation time T , such that:

EE = (PRC + PRE)T . (14)

2) Mechanical Brakes’ Power (PMB): In this step, the
brakes are released, and the robot remains static in a given
configuration denoted as θGZ . Since the robot is static, the
output mechanical energy and mechanical losses are both zero.
However, to compensate for gravitational forces, the motors are
activated while the brakes are released and generate torque. To
minimize motor EC, the robot should be positioned in a way that
eliminates or minimizes the manipulator gravitational matrix
norm (‖G(θGZ)‖), which is determined using the dynamic
model of the manipulator, i.e.,

θ = {θGZ ∈ Rn / ‖G(θGZ)‖ = 0 ∨ ‖G(θGZ)‖min } , (15)

where θGZ is the joint configuration that minimizes or eliminates
the gravitational torque matrix norm for a n DoF manipulator.

Given the experimental conditions, the robot only consumes
energy due to its brakes (PMB) and electronic components
(PRC + PRE). As a result, the mechanical brakes’ power PMB

is estimated by

PMB ≈ PR − PRC − PRE . (16)

B. Step 2: Identification of Variable Energy Components

For the identification of the remaining consumer groups, the
robot needs to move. The design of the trajectory will likely
influence the measurements such that we define a standardized
measurement trajectory considering that:

1) The initial and final configurations are the same. There-
fore, there is no variation of potential energy (ΔEp = 0).

2) The initial and final velocity is zero. Thus, there is no
variation of kinematic energy (ΔEk = 0).

To accurately determine the mechanical output energy of a
robot, kinematic and potential energy models must be developed
based on the joint configuration of the robot structure and pay-
load. However, the accuracy of the energy disaggregation pro-
cess relies heavily on the accuracy of the model. To circumvent
the need for additional models, a trajectory can be defined where
the initial and final joint configurations are similar and the initial
and final joint velocities are null. Please note that our study’s
focus is on the scenario where EM is zero, as it simplifies the
experimental procedure while still providing valuable insights.
However, we acknowledge that future research could explore
cases with non-zero mechanical output energy, which would
require more sophisticated modeling.

The reference cube provided by ISO 9283:1998 is used to de-
fine the robot’s path [26]. Therefore the proposed measurement
trajectory becomes S1 → P1 → P2 → P3 → P4 → S1. Fig. 4

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2024, Yokohama, Japan. Cite as RA-L paper.

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2024, Yokohama, Japan. Cite as RA-L paper.



Fig. 4. Robot path for the Pipeline Step 2. The robot follows the path
S1P1P2P3P4. The size length l and the center point C2 are defined according
to the ISO norm 9283:1998 [26].

shows the robot’s path. We evaluate the EC using five average
linear Cartesian velocities vL ∈ [50, 100, 150, 200, 250] mm/s
to observe the influence of the speed in the mechanical and
electrical losses. The experiment is a non-intrusive method that
relies on the internal sensors of each robot and a power analyzer.
The joint velocities, torque, and robot’s EC should be saved in
a data set. Following the criteria proposed by ISO 9283:1998
for test methods, we recommend that this experiment should be
repeated 30 times.

Using the information collected from the dynamic
experiment, we determine the consumer groups E+

M , LM ,
EMB , and L∗

E .
Mechanical Output Energy EM : The mechanical output en-

ergy EM of the system is zero EM = 0[J ], because of the
experiment conditions ΔEK = 0 and ΔEP = 0, i.e, all the
energy given to the motors to accelerate is returned when motors
decelerate. However, the positive mechanical energy E+

M can be
estimated using (5). Then, motion efficiency coefficient εM+ is
calculated using:

εM+ =
E+

M

ER
100% . (17)

This index represents the relation between the mechanical en-
ergy required to accelerate the robot structure E+

M and the total
energy used by the robot ER.

Mechanical Losses LM : To estimate the mechanical losses
LM , (2) is modified considering the experimental conditions
ΔEp = 0 and ΔEk = 0. This results in:

LM =

N∑∫
τi(t) · θ̇i(t)dt . (18)

Mechanical Brakes’ Energy EMB: using the mechanical brakes
power PMB from the step 1, the mechanical brakes’ energy
EMB is estimated by

EMB = T PMB . (19)
The regenerative braking energy ERB is estimated using (11).
However, this energy can be dissipated in other components
before it reaches the braking resistor.

Electrical Losses L∗
E: Known the braking energy, electronic

components energy, and mechanical data from the trajectory
(joint torques and velocities), the electrical losses are determined
using (13).

Payload Efficiency Coefficient εP : Experimentally, the energy
required to move a payload for a given robot can be estimated by

EP = ERL − ERNL , (20)
where ERL, and ERNL are the manipulator’s EC with and
without payload, respectively. Then, the efficiency coefficient
εP is obtained by the relation of the output energy EP by the
input energy ERL, such that

εP =
ERL − ERNL

. (21)

The coefficient εP reflects the system’s efficiency to move a
payload in the given trajectory. The payload weight influences
this metric, as a higher payload would result in a higher εP .
To examine the robot’s performance under extreme conditions,
we conducted tests with the robots lifting their maximum
payload weight. This approach allows for a fair and meaningful
comparison across different designs while pushing the systems
to their limits.

V. CASE STUDY

A. Materials

The following devices and components are required to imple-
ment the disaggregation pipeline:

Power Analyzer: This device measures the EC of the whole
robot (P ∗

R). The power analyzer HMC8015 from Rohde
Schwarz was selected. This device’s maximum voltage input is
600VRMS and the maximum current input is 20A. According
to the manufacturer’s datasheet, the robot UR10e, which
consumes the most energy, uses maximum 615W. Therefore,
the power analyzer can measure the power consumption of the
four robots.

Weights: a set of normed weights is used as the payload. For
the experiments, payloads of 3 kg, 4 kg, 5 kg, and 10 kgwere uti-
lized for the robots FR3, Gen3, UR5e, and UR10e, respectively.

Robot and Controller Box: The pipeline is tested using four
robots UR10e, UR5e, Franka Emika FR3, and Kinova Gen3,
as it is shown in Fig. 5. The Franka FR3 is a seven-degrees-of-
freedom manipulator with 3 kg of payload. The Universal Robot
UR3e and UR10e are six-degree-of-freedom manipulators with
5 kg and 10 kg of payload. Finally, the Kinova Gen3 is a seven-
degrees-of-freedom manipulator with 4 kg of payload.

Torque sensing: The pipeline highly depends on the velocity
and torque measurements. It is required that the torque measure-
ments represent the electromagnetic joint torque, which includes
the friction torque. The robots FR3 and Gen3e have an integrated
torque sensor that measures this magnitude. However, there are
some losses due to the coupling between the sensor and the
motor axis that can not be measured. For UR robots, joint torque
estimation relies on motor currents and the motor model, but
indirect measurement procedures can introduce discrepancies
in the results due to potential model issues.

The procedure uses the robots’ integrated Cartesian
controllers and the interfaces that are available to any user.
To command the controllers and measure joint torque and
velocity, we use the manufacturer interfaces, i.e., Real-Time
Data Exchange (RTDE), Franka Control Interface (FCI), and
Kinova Kortex. All tests are started with the robots’ run time
on this day being ≈ 10min, to ensure comparable motor
temperature among the robots.

Please note, that this letter does not provide a representative
energy performance evaluation for an entire robot series, but
evaluates the performance of the considered individual robots
mentioned above.

B. Robot Paths

The robot path is defined based on the reference cube fol-
lowing ISO 9283:1998 [26]. According to the norm, each robot
has its own cube dimensions, determined by its working area,
and is defined by a central point C2 and a side size lc. The side
size is 400mm for the Franka FR3, Kinova Gen3, and UR5e,
and 800mm for the UR10e. All points are defined and listed in
Table I.
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Fig. 5. ECDP was tested using four manipulators, e.g., Franka FR3, Universal Robot UR5e, UR10e, and Kinova Gen 3e, left to right. The payload weights of
these robots are mFR3 = 3kg, mUR5e = 5kg, mUR10e = 10kg, and mGen3 = 4kg.

Fig. 6. Average Power Components of each robot of the consumer groups for the four robots.

TABLE I
CUBE POINTS BASED ON ISO 9283:1998

TABLE II
ELECTRONIC COMPONENTS’ CONSUMPTION

C. Results

Pipeline Step 1 identifies the electronic components power
PE and mechanical brake power PMB . In Table II, the power of
the controller, manipulator electronic components, and brakes
is presented.

FR3 electronic components consume the most energy. Also,
this manipulator is the one that consumes the most power for
mechanical brakes PMB . Nevertheless, these results are influ-
enced by the fact that this robot has seven joints, one more
joint than UR robots. UR controllers consume the most power
PRC of the four robots, which also includes the teach pendant
attached to the controller box. In the case of the robot Kinova
Gen3, the controller is fixed to the robot. The method can not
measure separately the power of the controllerPRC and the robot
electronics PRE . Kinova Gen 3 consumes the least electronic
components power PE (29.54W). It should be noted that this
manipulator does not have brakes and, thus, PMB = 0.

Pipeline Step 2 identifies the four robots’ mechanical losses,
electrical losses, braking energy, and electronic consumption.
The results are presented in Table III for the robots Franka FR3,
UR5e, UR10e, and Kinova Gen. Fig. 6 presents the average
power of each consumer group, and Fig. 8 summarizes the
information using comparative absolute and relative charts. To
compare the consumption of the consumer groups, we compare
the percent of EC by each consumer group.

On average 67.76% of the total energy of all robots is used
for energizing the electronic components PE (57-82%). This
consumer group power is fixed, i.e., it does not directly depend

on the robot’s motion, trajectory, or payload. This consumer
group depends on the operation time T .

The electrical losses L∗
E is the next consumer group, which

constitutes 13-39% of the total robot energy, on average 23.84%.
The significance ofL∗

E rises when the Cartesian velocity and the
payload increase. In our comparison, the UR10e consumes the
largest percent of electrical losses power (28.22% - 33.21W),
and Kinova Gen3 the least (27.62% - 11.79W). The EC due to
robot motor brakes PMB is the third consumer group, which has
different tendencies in each robot. The braking power PMB of
FR3 is the highest of the four robots (17.12% - 18.64W). Kinova
Gen3 consumes the least power (0%), since Kinova Gen3 does
not have mechanical brakes (PMB = 0).

The mechanical losses in all cases are less than 1% of the
total energy. The method depends on the torque measurements to
define the mechanical losses. As the UR robots perform torque
estimation based on the motor current imprecision occurs in
the torque estimation. These imprecise torque values result in
negative values of mechanical losses for UR5e and UR10e in
Table III. The coefficient εM+ is less than 8% in every case.
This coefficient reflects how much of the total input energy is
transformed into mechanical energy. However, the accuracy of
this value for robots UR5e and UR10e is doubtful because this
coefficient is also affected by the joint torque measurements.
The motion efficiency coefficient εM+ increases when the robot
moves faster. The robots are divided into two groups according to
the coefficient εP . The robots UR5e and FR3 have a coefficient
of 9.51% and 7.92%, respectively. In the second group, there
are the robots UR10 and Kinova Gen3 20.50% and 20.16%,
respectively. Fig. 7 shows the electrical power of each consumer
group on time. These graphs present the average power of the 30
repetitions in each experiment. In all the samples, the valleys of
the graphs are located close to the cube corners. The robot power
PR increases when the robot accelerates and decreases when
the robot decelerates. The mechanical power is negative when
the robot goes from point P3 to P4 because potential energy is
restored to the system. In this motion, there is a negative variation
in height, i.e. downward motion, and therefore, the robot returns
energy to the system. Fig. 8 summarizes the results for each
robot with and without payload and gives the general results
for all the robots. On average, consumer groups’ electronics
consumption, braking energy, electrical losses, and mechanical
losses consume 68.78%, 6.77%, 23.84%, and 0.60% of the total
power, respectively.
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TABLE III
ENERGY COMPONENTS WITH AND WITHOUT PAYLOAD FOR ROBOTS FR3, UR5E, UR10E, AND GEN3

Fig. 7. Power components on time PR, PE , PM , PL∗
E

, and PMB represent the power of the robot, electronic components, mechanical energy (including the
mechanical losses and mechanical output energy), electrical losses, and the mechanical brakes’ power, respectively.

Fig. 8. Average power consumption per robot of all the repetitions with and
without payload. The left figure shows the absolute power and the right figure
shows the relative percent power per consumer group.

VI. DISCUSSION

Optimization techniques for traditional IRs have primarily
focused on reducing mechanical energy, mechanical losses,
and electrical losses through trajectory and path planning.
However, for LIRs, electronic components are the principal
energy spender, as shown in Fig. 8. Therefore, traditional

optimization methods used for IRs would not have the same
impact on LIRs. To reduce energy consumption in LIRs, op-
timization methods need to focus on exploring solutions that
address the electronic design and components used by different
manufacturers. A more-detailed analysis is necessary, as there
are many components included in this consumer group. One
approach is to determine the energy ratio of each electronic
component and focus on reducing the energy consumption of
the most significant components. Another solution is to establish
an efficient electronic design software architecture that con-
siders the required computing capacity of the controllers and
to decentralize expensive computing tasks to cloud services.
By doing so, the powerful robot controller can be replaced by
microcontrollers, leading to potential energy savings. Thus, a
more targeted approach is needed when exploring optimization
methods for LIRs to ensure energy efficiency while accounting
for the diverse electronic designs and components used by
different manufacturers.

It is important to note that the EC of the electronics is defined
by the hardware and software design of the system. This means
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that a common user of off-the-shelf robots cannot change this
design. However, the results of our study can still serve as
a motivation for manufacturers to invest in improving their
hardware and software design, which can ultimately lead to more
energy-efficient robots in the future.

One limitation of our study is that the method cannot dis-
tinguish between electrical losses and regenerative braking
energy as this would require an additional power sensor in-
corporated into the robot. Also, the accuracy of our calcu-
lation of mechanical losses depends on the robot-embedded
torque sensing. For this study, we assume that for all consid-
ered robot systems the measured torque is the joint-generated
torque, including the friction torque. However, using the same
standardized torque sensor in every robot system’s joints cer-
tainly improves the accuracy of our calculation. Lastly, we
assume that the energy consumption of the electronics re-
mains constant over time. An additional sensor is required to
measure the effects of time on its power consumption. While
for the presented ECDP the focus is on a general compari-
son of energy consumers in the LIR and providing an easily
reproducible measurement setup, more extensive experiments
can be conducted to enhance the precision of our calculation
pipeline.

VII. CONCLUSION

In this letter, we present the Energy Consumption Disaggrega-
tion Pipeline (ECDP) for disaggregating the energy consumption
of any mechatronic system. To demonstrate the ECDP, we focus
on lightweight industrial robots (LIRs) and provide reproducible
measurement setups and protocols for quantifying their energy
components. Our method has limitations, such as differentiat-
ing between electrical losses and regenerative braking energy,
relying on the robot’s torque measurements, and measuring
the constant energy consumption of electronics, which can be
addressed with additional internal invasive sensors. The method
was tested using four LIRs, namely, FR3, UR5e, UR10e, and
Kinova Gen3. On average, the results showed that consumer
groups’ electronics consumption, braking energy, electrical
losses, and mechanical losses consume68.78%,6.77%,23.84%,
and 0.60% of the total power, respectively. This shows that
electronic components consume the most energy in the robot,
while mechanical losses due to robot motion design constitute
lowly to LIRs energy consumption. Therefore, the approaches
required to optimize the energy consumption of LIRs differ
significantly from traditional approaches for industrial robots.
Instead of focusing on reducing mechanical energy, mechanical
losses, and electrical losses through path and trajectory planning,
energy consumption optimization for LIRs should concentrate
on the electronic design and its components. One strategy could
be to efficiently distribute computation tasks across the system
assets.
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