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Abstract— Power consumption is a frequently over-
looked aspect in robotics, especially in the context of legged
robots. Nevertheless, improving the efficiency of walking
robots is crucial to overcome the current limitations in
runtime. This work proposes a novel method for precisely
estimating actuator power consumption based on LSTM
neural networks. The performance of this approach is
benchmarked against currently employed models and val-
idated on real hardware using certified instruments. The
proposed method is integrated into the Isaac Gym frame-
work and utilized to train a power-efficient policy. Instead
of optimizing for handcrafted cost functions, such as the
often used torque-square minimization, our approach for
the first time trains RL policies that minimize the effective
energy consumption. Hardware results demonstrate a re-
duction of approximately 25% in the robot’s total power
consumption, with a notable 50% decrease observed for
the knee actuator. Additionally, the newly developed policy
generates significantly smoother and quieter motions.

I. INTRODUCTION

In recent years, the field of walking robots has un-
dergone significant advancements. Originally conceived
as prototypes designed to comprehend the fundamentals
of locomotion, these machines have matured into fully
developed products. Walking robots have found utility in
various domains, including search and rescue operations,
exploration, and automated surveillance. With the pos-
itive trend in their development, expectations regarding
the performance of robots continue to rise.

Despite their versatility and growing capabilities, one
of the significant challenges facing quadruped robots is
their energy consumption. The autonomy of commercial
quadrupeds ranges from 1.5 to 4 hours, a considerable
distance from the requirements of most applications that
demand extended shifts and continuous operation. As
these robots gain autonomy and are deployed in more
complex and prolonged missions, the demand for longer
battery duration becomes increasingly critical and can
only be met through improved efficiency.
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Fig. 1. Schematic representation of the power measurement setup.

The pursuit of energy-efficient quadruped robots is
a necessity for sustainable and practical robotics de-
ployment. Enhanced energy efficiency not only extends
operational duration but also reduces the required bat-
tery size and capacity, thereby significantly lowering
the overall energy costs associated with robotic opera-
tions. Furthermore, in remote or hazardous environments
where human intervention is limited or impossible, the
energy autonomy of quadruped robots becomes essential
for mission success.

A. Related work

Despite not being a dominant focus, the topic of
energy efficiency has been addressed by several works.
More specifically, researchers have attempted in various
ways to build energy-efficient robots. Designs aiming at
transfering the advantages of passive walkers to actuated
robots have been proposed [1], [2]. The MIT Cheetah
project had a strong focus on energetic efficiency, partic-
ularly concerning the design of actuators [3]. StarlETH
utilized springs in series with the gearbox (series elastic
actuation) to store and reuse energy in the drivetrain
[4], and the same approach is used by ANYmal [5].
The use of multiple actuators acting on the same joint
(antagonistic actuation) has also been proposed as a
possible way to increase efficiency [6], [7]. Several
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works have proposed using springs in parallel to the
knee actuator to compensate for the torque induced by
gravity [8]. Another recently explored approach involves
the use of bio-inspired clutches and biarticular actuation
(actuators coupling the motion of multiple joints) [9].
Optimized prototipe have been proposed as outcome of
iterative processes leveraging simulations in the design
phase [10]. The possibility of using actively variable
transmission ratios has also been explored [11]. Another
line of research attempted to solve the problem from
a control point of view. Leveraging natually emerging
passive limit cycles has been explored [12], as well as
using virtual constraints and hybrid zero dynamics to
leverage spring-loaded underactuated joints [13].

While all these works have achieved interesting re-
sults, they share two common shortcomings: they tend to
introduce some level of mechanical complexity (with the
exception of the MIT Cheetah), and they approach the
efficiency challenge mostly from a design perspective,
lacking a similar focus on the control side.

In terms of control, reinforcement learning is be-
coming the most utilized technique for quadrupedal
legged robots, given its robustness and capability to han-
dle nonlinearities and complex behavior. Platforms like
Isaac Gym have democratized access to sophisticated
simulation environments, enabling rapid and efficient
training of control policies that perform with remarkable
robustness [14]. Even in this context, the question of en-
ergy efficiency has been considered. Specifically, certain
reward function terms are introduced for that purpose,
typically penalizing the square of the joint torque, the
joint mechanical power output, and acceleration [15],
[16], [17]. These penalties are designed to discourage
excessive use of force and rapid movements, supposedly
contributing to more energy-conservative operations.

However, while these penalization methods are widely
adopted for their intuitive explanation in reducing power
consumption, they are based on strong simplifications of
the full energy behavior of actuators. These simplistic
penalty mechanisms, though seemingly logical, tend to
overlook the deeper, more nuanced aspects of actuator
behavior, which can be crucial for truly optimizing
energy usage.

In the field of industrial manipulators the vast scale
at which robots are deployed makes the topic of energy
efficiency extremely relevant. In particular themes such
as the selection of robots, motion planning, and task
scheduling have been considered as potential ways to
minimize energy consumption. Although also in this
case most of the guidelines are qualitative in nature
and not thoroughly validated, some works approached
the problem in more data driven fashion, using neural
networks to model the energy consumption of industrial
arms [18], [19]

B. Contribution

This paper proposes a novel approach to minimize
the energy consumption of robots by accurately charac-
terizing actuators and employing model-free algorithms.
The work focuses particularly on walking robots and
utilizes ANYmal as a testing platform. Initially, we
acquire a high-fidelity dataset that measures power con-
sumption from robot actuators in real-world conditions.
Subsequently, we use this dataset to train a neural
network for estimating the power consumption of the
robot actuators, comparing its performance against other
metrics commonly used as proxies to penalize power
consumption. The newly developed neural network is
integrated into the IsaacGym framework and used to
introduce a new penalty to the reward function, aiming
to minimize energy consumption. Finally, we deploy
the developed policy on ANYmal, measuring the actual
power consumption for both individual joints and the
entire robot. Additionally, we explore variations of the
aforementioned reward function and benchmark the per-
formance of the new policies against available baselines.

II. METHODS

A. Data acquisition

The adequate characterization of actuator power con-
sumption behavior is at the core of our methodology.
The initial step in characterizing a system involves
measuring its properties and acquiring a relevant dataset.
This task poses specific challenges, particularly for com-
plex systems such as robotic actuators.

• The measurements must be sufficiently precise and
accurate to minimize bias and noise in the experi-
ments.

• Measurements of different quantities must be prop-
erly synchronized to capture the relationships be-
tween them accurately.

• The frequency at which data are acquired must be
sufficiently high to capture the relevant processes
of the actuators.

• The experiments must excite the actuators in modes
that are representative of actual operation.

To meet these requirements, we constructed a custom
measurement system setup (see Fig. 1), composed of
a Beckhoff EtherCAT analog terminal (EL3102) and
coupler (EK1100) interfacing with a voltage and current
measurement circuit on the EtherCAT communication
bus of ANYmal. This setup allows the acquisition
of high-frequency measurements of a single actuator’s
power consumption while the robot is walking, synchro-
nized with readings from other actuators. Additionally,
we calibrated the setup against a certified power analyzer
(Vitrek XT2640) to further enhance its accuracy and
validate its performance.
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We sampled actuator readings, including joint position
and torque, at a rate of 400 Hz, and electrical parameters,
voltage, and current, at 1000 Hz. The electrical readings
were then downsampled to 400 Hz to ensure a coherent
dataset.

We collected the dataset by measuring the individual
power consumption of three different leg actuators:
hip adduction/abduction (HAA), hip flexion/extension
(HFE), and knee flexion/extension (KFE), for around
ten minutes per actuator. The robot was manually com-
manded to perform a variety of motions using the stan-
dard controller Trekker, which sends position commands
at the joint level, similar to other reinforcement learning
controllers. Additionally, we manually disturbed the
robot to further stress the actuators, aiming to collect
a varied and representative dataset.

To enhance clarity and interpretability in the noisier
datasets, a filtering process was necessary. We applied
a Savitzky-Golay filter at 12.5 Hz. This filter is partic-
ularly adept at smoothing mid-range frequencies while
preserving vital signal features like peaks and troughs
[20].

Particular attention was given to how the dataset was
utilized in the training process to enhance generalization
while preventing the overlap of sequences. To distribute
the dataset among training, validation, and test subsets,
we initially segmented it into six parts, each of which
was then divided in an 80%, 10%, 10% ratio. We then
used the six subsets to perform cross-validation.

In addition to the training dataset, we conducted
other experiments to test the robustness of the Power
Prediction Network (PPN) performance. In these tests,
we acquired data using different control policies and
on another ANYmal C robot. Each experiment lasted
between 2 or 3 minutes, employing various locomotion
policies.

To avoid the introduction of bias, systematic errors,
and model inaccuracies, we employ a model-free ap-
proach to estimate actuator power consumption. We
selected Long Short-Term Memory (LSTM) networks as
the ideal architecture for this task due to their ability to
process sequences of data and contextual dependencies
[21]. Our decision to use LSTMs is further supported
by the fact that we work with relatively small datasets,
typically spanning a maximum of 30 minutes of robot
performance. LSTMs have demonstrated superior per-
formance in such cases, making them a natural choice
for our predictive model [22].

The primary goal of the PPN is to be integrated into
the Isaac Gym framework, specifically for use in the
reward function. For this reason, we utilize only labels
available in the simulation environment and not all those
available in the collected dataset. The features utilized
by the network are joint position error, applied torque,

and joint speed. Similarly, the frequency at which the
network operates must be considered as high frequencies
would slow down the simulation. In the Isaac Gym
framework, physics are simulated at a frequency of
200 Hz, and the evaluation of the reward function occurs
at 50 Hz, defining a minimum acceptable frequency
for the PPN. Despite the possibility of adjusting these
parameters, our observations indicated that higher fre-
quencies did not enhance performance; therefore, we
opted to maintain the default settings to facilitate a more
effective comparison of future results. We chose to adopt
a 200 Hz frequency for sampling both input and output
sequences. We then take the average of the last four
values estimated by the network to downsample it to
50 Hz.

In addition to the frequency of the PPN, the number
of hidden states and the length of the time sequence fed
into the network also have a significant impact on its
performance and computational cost. We conduct several
tests to evaluate these effects and select the network that
allowed for the best trade-off.

We utilize the coefficient of determination, R2, as
a metric to assess how well the power consumption
prediction method performs. R2 is defined as R2 =

1−
∑
i
(yi− fi)2

∑
i
(yi−y)2 = 1− SSres

SStot
, were yi, fi, y, SSres, SStot , stand

respectively for: the ground truth measurements, the
value predicted by the model, the average ground truth
value, the sum of squares of residuals, and the total sum
of squares.

R2 provides a measure of how well observed outcomes
are replicated by the model, based on the proportion of
the total variation of outcomes explained by the model.
In case of a perfect prediction R2 is equal to 1, for a
model constantly predicting y is 0, and it can result in
negative values for model that are less effective that
predicting the average. We removed scale effects by
normalizing the output of models that do not directly
predict the power consumption so that their mean equals
y. This approach allows us to compare the performance
of vastly different methods, such as those employed in
previous studies [15], [16], [17].

We employed the Isaac Gym framework to train loco-
motion policies and assess the impact of the power esti-
mation network. The framework’s speed and efficiency
allow for quick iterations. We used a baseline policy,
trained with the standard reward function illustrated
in [14], as a benchmark for the performance of other
policies derived from the baseline.

Given our focus on the energetic aspects of walking
gaits, we did not include a training curriculum with
obstacles and stairs. Instead, we trained the policies to
walk omnidirectionally on flat ground. Nonetheless, to
enhance policy stability and robustness, we incorporated
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Fig. 2. Comparison between the total power consumption of ANY-
drive, measured by our custom setup, and the certified power analyzer.
In this experiment, the actuator is controlled in position without a load
attached to it, tracking a sinusoidal reference signal with a frequency
of 4 Hz and an amplitude of 1.5 rad.

rough terrain in the training. We applied uniform random
noise ranging from −2cm to +2cm to the terrain, which
included light slopes up to a 2% incline. The primary
goal of this approach was to ensure the robot’s stability
when navigating environments that are both safe and
nearly flat, effectively simulating the slight irregular-
ities encountered in real-world conditions. We set up
the training environment by deploying 4096 robots to
concurrently learn for 2500 epochs.

We integrated the PPN into the Isaac Gym framework,
creating one instance of the network for each actuator
of every simulated robot, allowing us to estimate the in-
dividual actuator power consumption (and consequently
the total for each robot). We then defined a new reward
function term by multiplying the weigh cP = 4 · 10−4

to the output of the PPN. We obtained the Power
Minimization Policy (PMP) by adding the newly defined
cost term to the baseline policy and removing the torque
minimization term.

B. Testing
We evaluated the performance of our policies by

deploying them on ANYmal C and conducting sim-
ple locomotion tasks, such as walking forward at a
steady velocity and turning on the spot. We once again
measured individual drive power consumption using the
same setup as illustrated earlier. Additionally, we mea-
sured the entire robot’s power consumption by replacing
the battery with a calibrated power supply (PSB 9000
3U) and simultaneously logging the voltage and current
at a frequency of 100 Hz.

III. RESULTS
A. Setup validation and dataset acquisition

We validated our measurement setup by comparing
its readings with those of a certified power analyzer.

Fig. 3. Comparison between the ground truth power consumption
and signals used to estimate it. In the top graph, the individual
signals are scaled and compared with the power consumption of a
single actuator. In the middle plot the PPN’s power consumption
estimation is compared with the measured ground truth, for a single
actuator. In the bottom plot the estimation for the entire robot power
consumption, obtained by summing the predictions for the twelve
individual actuators, is compared to the one measured with a power
supply.

Both measurement devices were connected to a single
actuator which was controlled in various modes (posi-
tion, velocity, torque), tracking reference signals such
as sinusoids, square waves, and chirps. We manually
aligned the readings and compared them, as shown in
Fig. 2. The plot is representative of all the experiments
we conducted, where the custom-made measurement
setup performed very similarly to the certified one, albeit
without capturing some of the oscillations occurring
at higher frequencies. However, these oscillations have
little impact on the overall power consumption.

B. Power Prediction Network

We trained and tested various neural networks with
LSTM layers, differing only in the number of hidden
states in the LSTM layers and for the length of the
input sequence. We observed that the performance of the
networks, measured by the coefficient of determination,
reaches a plateau and does not improve with more
complexity added to the network. For this reason we
selected a network with 100 hidden states and an input
sequence length of 0.3 s.
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Fig. 4. Coefficient of determination comparison for different power
consumption models. Different actuators are represented with various
colors to highlight the differences.

Fig. 5. Histogram showing the robot’s total power consumption
while performing the same locomotion task using different policies.
Both the power consumption measured with the power supply and
that estimated from the PPN are displayed. Additionally, the power
consumption of the computation unit, as well as actuator idling power,
is shown, along with the breakdown of the individual actuators’
consumption.

C. Locomotion results

To provide a more qualitative understanding of the
PPN performance, Fig. 3 compares the network’s power
estimation with the ground truth measured on the robot
in an experiment not used for the training dataset,
for both a single actuator and the entire robot. It
can be seen that there is a strong coherence between
the estimation and the ground truth, with peaks being
captured accurately by the network. The raw signals
used by other methods are also plotted (with a scaling
factor to facilitate the understanding), to show the poor
correlation with the power ground truth measurement.

Finally, we benchmark the performance of the PPN
against that of other methods used for training poli-

cies. Specifically, we consider the methods employed
to estimate power consumption and penalize in other
relevant works, as mentioned in the introduction. Fig.
4 compares the R2 values of the different models; it is
clearly visible how the PPN exhibits significantly better
performance. Two other observations can be made. The
first is that it is very challenging to estimate power
consumption using only the actuator torque, despite this
being a common practice in the field. The second is
that the HAA actuator’s power consumption is the most
challenging to predict. This can be explained by the
average power consumption of the HAA actuator, which
is significantly smaller, resulting in a lower signal-to-
noise ratio. Consequently, all methods perform less well
for HAA. Nevertheless, the PPN manages to achieve a
reasonable performance even for HAA.

The introduction of the power minimization penalty
did not affect the quality and stability of the training
process, allowing policies to reach convergence. How-
ever, there is a five-fold increase in training time due to
the additional computation of the network.

To assess the impact of the methodology, we simu-
lated robots in Isaac Gym. The power estimation net-
work was employed to evaluate the power consumption
of each actuator for each policy. Standardized motions
were used for comparison, specifically moving forward
and rotating on the spot at a uniform velocity. Further-
more, we performed the same test with real hardware,
trimming the data to use only sequences where the ve-
locities were sufficiently constant to allow a meaningful
interpretation.

Fig. 5 illustrates the power consumption for the two
policies, both measured from the power supply and
estimated from the PPN. Moreover, the power is broken
down into multiple components, highlighting the impact
of the computation units and the actuators’ idling con-
sumption. It is evident how the proposed methodology
manages to reduce the overall power consumption by
around 25%. It can also be observed that most of
the power consumption reduction can be attributed to
the KFE actuator, whose consumption is reduced by
almost 50%. Interestingly, the consumption of the other
actuators actually increases, this is particularly evident
in turning motions. Nevertheless, a reduction in overall
power consumption is achieved, with the benefit of more
evenly loaded actuators.

We also experimented with higher weighs on the
power minimization penalties, for both the baseline and
the PMP. This approach shows only a marginal impact
on the power consumption, indicating that using the
wrong penalty cannot be correct by higher weights.

Fig. 6 presents time plots illustrating the dynamics of
several relevant parameters throughout the gait cycle for
both the baseline policy and the PMP. This provides a
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Fig. 6. Comparison between PMP and Baseline at the single actuator and leg level. The shaded areas represent the portion of the gait cycle
during which the foot is in contact with the ground.

more detailed perspective on how the policies behave,
with a particular focus on the KFE actuator, given its
role as the primary source of power consumption and
reduction. Several observations can be made:

• The PMP exhibits longer swing phases and lower
gait cycle frequencies.

• The KFE torque in the PMP rises more slowly when
the foot makes contact with the ground.

• The baseline KFE torque experiences high-
frequency oscillations around zero during the swing
phase.

• Although not visible in the plot, the PMP requires
torques on average slightly higher that the baseline,
contrary to the common belief that higher RMS
torques imply higher power consumption.

• The KFE velocity is significantly lower for the
PMP, with smaller and smoother changes over time.

• During the swing phase, the baseline policy shows
two peaks of position error for the KFE.

• The estimated foot contact force dynamics are very
similar for both policies, although the PMP has
faster contact phases.

• For the baseline policy, the KFE has two peaks of
power consumption, significantly higher than the
average, which are completely absent for the PMP.

Overall, these observations align well with the visual

Fig. 7. Sound signal strength recorded with a smartphone’s micro-
phone from a distance of 2 m.

impression given by the PMP policy, which results in
smoother and less jerky robot motions. The foot impact
with the ground is less harsh, making the robot less
noisy. This is illustrated in Fig. 7, which shows the
signal strength from a smartphone microphone located
approximately 2 m away from the robot while it is
controlled to turn on the spot at a constant velocity.
The PMP consistently achieves lower levels than both
Trekker and the baseline policy.
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IV. CONCLUSION

In this work, we presented a novel approach for
minimizing the power consumption of legged robots.
We acquired a high-quality dataset by measuring the
power consumption from the actuators of an ANYmal
C during relevant tasks. Subsequently, we utilized this
dataset to train an LSTM based neural network tasked
with estimating instantaneous power consumption. We
optimized the network to be computationally light with-
out compromising its performance and benchmarked
it against other power consumption methods used in
similar applications, demonstrating its significantly bet-
ter precision and accuracy. Further, we integrated the
Power Prediction Network (PPN) into Isaac Gym and
employed it to penalize power consumption during the
training process. Finally, we measured the actual power
consumption of the policies obtained with the new
methodology and compared them against a baseline.
We then analyzed the qualitative differences between
the policies, highlighting factors contributing to power
savings.

Despite the positive results, this contribution is pre-
liminary in nature. In particular the increase in training
time could prevent this technique from being used in a
practical way. However, no time was spent yet to address
this aspect. More accurate model selection or techniques
like model compression, or even merging the PPN
with the network used to model the actuator dynamics
[15], could reduce the computational load introduced by
the power estimation step. Two fundamental questions
should be addressed in future works. The first one is:
to which extent this technique affects the locomotion
performance and how can this approach be improved,
allowing operations at the efficiency-performance Pareto
front? Moreover the approach should be fully integrated
into more complex control architecture, merging the
dynamically balancing efficiency and navigation over
complex terrains. The second question is: to what extent
can such an approach become more general? Tests with
different types of actuators and robots should be per-
formed to understand how applicable a similar approach
could be in other applications, such as manipulators and
exoskeletons.
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