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Abstract— Lightweight industrial robots are increasingly de-
ployed alongside humans to perform diverse and intelligent
industrial tasks. A major concern with these robots is energy
efficiency, driven by rising operational costs and environmental
impacts. A growing contributor to energy use is the heavy
computational workload of their electronic components. Al-
though motion configurations and computational load are often
interdependent, current state-of-the-art energy optimization
methods tend to address them separately, focusing on individual
consumption. In this work, we demonstrate that computational
energy is comparable to mechanical energy and show how their
dependency affects overall consumption in a Franka Emika
Panda robot equipped with a multi-core processing system
and two depth cameras. Building on this understanding, we
propose a Bayesian approach for the joint optimization of
mechanical motion and computational frequency in a robotic
arm. Experiments show that the proposed method enables the
Franka arm to reduce energy use by 3.7% in pick-and-place
tasks and 6.2% in sorting tasks, compared to methods that
optimize locomotion and computation separately.

I. INTRODUCTION

Optimizing energy efficiency is an important research area
for industrial robots [1], [2] due to their growing large-scale
deployment in modern manufacturing systems and the need
for energy sustainability [3]. As a result, significant efforts
have been made to reduce the energy consumption of robots
through more efficient hardware design [4] and energy-aware
software optimization [5].

In large, heavy-duty industrial robots, most energy con-
sumption comes from the mechanical system, while ancillary
operations such as computation, communication, and sensing
contribute only a small fraction. However, with the rise of
lightweight industrial robots, the energy consumed by these
ancillary operations has become comparable to that of the
mechanical system [1]. This trend is further amplified by
the increasing complexity of onboard operations, including
advanced computation [6], high-resolution sensing [7], and
networked communication [8], highlighting the need to in-
corporate these factors into energy-efficiency optimization.

State-of-the-art approaches often model ancillary energy
consumption as a constant offset, relying on separate local
energy management techniques [9]. Consequently, energy
optimization efforts typically focus on minimizing mechan-
ical energy, while neglecting its interaction with other sub-
systems such as computation and sensing. For instance,
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some works manipulate waiting times between robot oper-
ations [10], or find the optimal motion configuration [11],
[5], or optimize joint trajectories [12], under the assumption
that ancillary energy consumption is static. This assumption
ignores the fact that robot motion configurations influence
the energy demand of other subsystems. For example, if
a sensor is mounted on the end-effector, its velocity and
acceleration directly influence the quality and amount of data
captured, and consequently the computational load required
for processing.

In this paper, we provide a motivational example that
highlights the dependency between motion-related decision-
making and computational workload in a lightweight Franka
Emika arm robot. The robot performs different tasks such
as pick-and-place, with data processing executed on on-
board computing units running applications such as obstacle
avoidance, object detection, and grasp pose estimation. For
each task, a minimum accuracy level is required, represented
by a target frame rate for processing camera images. This
requirement can be met by slowing the end-effector motion
and/or increasing CPU frequency, both of which affect the
robot’s total energy consumption.

Our experiments reveal that, for the selected arm robot and
applications workload, computational energy consumption is
comparable to mechanical energy. This creates a trade-off
between CPU frequency (computational performance) and
motion parameters. Based on these observations, we propose
a Bayesian optimization approach to jointly optimize the
computational and mechanical components of the robot at
runtime. Our method simultaneously tunes the arm’s velocity
and acceleration while dynamically adjusting CPU frequency
to minimize total energy consumption.

Experimental results demonstrate that the proposed joint
optimization strategy significantly reduces overall energy
consumption compared to state-of-the-art approaches that
optimize mechanical energy in isolation, without considering
its impact on computational components. The main contri-
butions of this paper are listed as follows:

1) We provide a motivational example demonstrating that
computational energy can be comparable to mechanical
energy in lightweight industrial robots, motivating the
need for joint optimization.

2) We propose a Bayesian-based optimization framework
that simultaneously tunes motion configurations and
computational performance to minimize total energy.

3) We implement and evaluate the proposed approach on
a lightweight arm robot, comparing it with state-of-the-
art methods that treat mechanical and computational
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components separately.

II. RELATED WORK

The related work in this research can be divided into
three categories: energy-aware control of industrial robots by
optimizing mechanical energy, energy-aware computational
resource management, and co-management of both parts.

Prior works have explored various methods to reduce the
mechanical energy consumption of industrial and lightweight
industrial arms, which can be divided into hardware and
software-based approaches [13], [2]. Hardware methods in-
volve structural or component changes, such as structural
design [4], [14] and adding energy-recovery units [15]. Soft-
ware methods, on the other hand, reduce energy consumption
without hardware modifications by tuning parameters such
as the velocity and acceleration [11], [16], [5], trajectory
planning [12], [17], and operation scheduling [18]. Most of
these works focus on optimizing mechanical energy con-
sumption as the main source of energy, oblivious to ancillary
operations such as computational units and sensors in the
optimization method. In fact, in these methods the optimiza-
tion of electrical energy is considered to be done separately
based on the application executing on the processing units
and types of sensors used in the robot.

Considering computing energy management, several re-
search efforts have focused solely on computation, depend-
ing on the application and available control of computing
actuators. Dynamic voltage and frequency scaling (DVFS)
is one of the most widely used techniques for controlling
computation [19]. DVFS adjusts processor voltage and fre-
quency according to workload, making it effective in robotics
applications where large volumes of sensor data must be
processed continuously [20]. Other studies have explored en-
ergy optimization in heterogeneous multiprocessor systems
through workload-based power control [21] and efficient
CPU-GPU task allocation [22]. Only a limited number of
works have addressed computational energy in robotic arms.
For instance, [1] analyzed four manipulators (UR5e, UR10e,
Franka Emika FR3, Kinova Gen3) and showed that 60-90%
of the total energy is consumed by the electronic compo-
nents of the control box. Similarly, [9] proposed an energy
consumption model for lightweight industrial robots that
includes electronic components such as the arm controller,
but treats them as constant. All of these approaches optimize
mechanical and computational parts in isolation, overlooking
the fact that motion configurations affect the energy demand
of other subsystems. Mechanical parameters and computa-
tional workload should therefore be jointly optimized for
meaningful energy savings.

Although there is no direct research on co-managing me-
chanical and computational energy consumption for indus-
trial robots, a few studies have addressed this issue in mobile
robots. For example, in [23], [24] the authors investigated
the co-dependence of mechanical and computational units
and proposed a runtime optimization strategy that tunes
the velocity of a mobile robot equipped with an event-
based camera and Jetson TX2 processing unit by adjusting
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Fig. 1: Experimental hardware setup.
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Fig. 2: Overview of the working scenario. Application colors
denote the host processing board.

CPU frequency to preserve battery life. While such co-
management of CPU frequency and velocity significantly
reduces energy consumption in mobile robots, the structure
and operation of industrial robots differ, including the types
of sensors and their stationary operation during diverse tasks.
These differences demand new investigations into the co-
dependence of energy consumption between mechanical and
computational parts, which is the focus of this paper.

I1I. WORKING SCENARIO AND MOTIVATION
A. Working Scenario

The reference robotic arm considered in this study is
depicted in Fig. 1 and can be divided into three main
components: (1) the mechanical arm manipulator along with
its low-level controller, (2) the high-level computational unit,
and (3) the intelligence software stack. Each of them is
described below.

Mechanical Arm Manipulator: This part consists of the
physical structure of the arm and its several electric motors
enabling spatial motion as well as an end-effector for object
grasping. In practice, this is a Franka Emika Panda arm ma-
nipulator that is equipped with 7 torque-controlled brushless
DC electric motors on its joints. The arm supports a payload
of up to 3 kg and offers a reach of 855 mm, and achieves
sub-millimeter accuracy, making it suitable for delicate and
repetitive tasks. The low-level controller, i.e., the Franka
Control Interface (FCI) drives the arm motors according
to the externally commanded trajectory. This last part is
excluded from the energy-optimization analysis in our con-
sidered scenario because its consumption is inherently static
and not subject to control. However, for comprehensiveness,
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we report the energy consumption and improvements for both
cases, including and excluding this part in Section V.
Computing Unit: The computing unit includes two embed-
ded computing boards that are connected to two stereo RGB
cameras and provide processing capacity for perception,
planning, and control. A ZED2 camera mounted on the arm’s
end-effector as local vision sensor is connected to a ZED
Box Orin'. An OAK-D camera is used as a global vision
sensor and is connected to an UP Xtreme i11? board. The
two boards exchange vision data through a Robot Operating
System (ROS) channel to enable coordinated perception and
planning. Several power sensors are also installed and inter-
faced with the UP Xtreme il1 to measure the instantaneous
power consumption of the arm and computing boards. All
sensors are powered directly by the boards and do not require
additional power supply.

Intelligence Software Stack: The software stack for the
autonomous and intelligent operation consists of several
running applications for processing the sensory data. Specif-
ically, the applications are i) object detection [25], ii) object
tracking [26], iii) obstacle avoidance [27], iv) trajectory
planning [28], and v) grasp pose estimation [29]. In the
considered scenario, the software stack manages the execu-
tion of time-constrained repetitive pick-and-place operations.
The overview of this operation is depicted in Fig. 2 and is
performed in 5 consecutive states, namely, search, pick, place,
home, and wait; in the search state, the system recognizes
the object, estimates the optimal grasp pose, and plans the
trajectory to a pre-grasp configuration; in the pick state,
the arm moves to the estimated grasp pose and grasps the
object; in the place state, it moves to the specified placement
pose and releases the object; then, in the home state the
arm moves back to its home position and finally waits
there for the next operation in the wait state. The running
applications in the software stack vary in different states
(in either halt-and-restart fashion or go-to-idle) and result
in a varying computation power consumption. Moreover, as
elaborated in [30], the computing power is also affected
by the motion of the robot by variable Frames per Second
(FPS) settings on the vision sensors. Indeed, when operations
are executed at higher speed, a higher FPS is required to
maintain the tracking accuracy and guarantee safety [30].
On the contrary, when the operation is slow, the FPS can be
set to a lower value, reducing the computational demands.
This is implemented in our setup by means of a software
middleware between the sensors and running applications
that filters out a portion of the incoming frames based on
the actual speed of the arm’s end-effector.

We consider two control knobs to manage the energy
consumption of the mechanical and computational parts of
the system. For the mechanical part, we utilize the commonly
used motion velocity and acceleration of the arm motors
and configure an upper bound as their maximum values. For
the computing part, the Dynamic Voltage/Frequency Scaling

Uhttps://www.stereolabs.com/en-fi/store/products/zed-box-orin
Zhttps://www.aaeon.com/en/product/list/aaeon-up-developer-boards

(DVES) level of the two boards are managed by a runtime
controller that utilizes the OS-level commands for dynamic
computing resource allocation. Indeed, the two knobs are
among the main contributors to the energy consumption of
the two mechanical and computational parts [5], [23].

B. Motivational Discussion

Recent methods for energy-optimal control in the arm
robots have been mainly focused on minimizing the loco-
motion energy, i.e., the energy spent by the electric motors
to control the motion of the arm [9], [17], [16], [11], [12].
In this subsection, by presenting a motivational example,
we argue that the cost of computation should also be taken
into account as it considerably affects the overall energy
consumption and the optimal configuration point. First, we
analyze the share of energy between the two parts by per-
forming design-time experiments. In Fig. 3(a), we performed
operation-wise configuration, meaning that the velocity and
acceleration are set to the same value and are kept fixed for
the whole operation. The figure shows the energy consump-
tion of the mechanical and computational parts of the arm
for various velocity and acceleration values, averaged over
five operations (each lasting 7},,,> = 25 seconds) to mitigate
the effect of measurement and actuation noise. In all of
these motion configurations, the DVFS configuration is set to
the minimum value that satisfies the FPS requirements. The
velocity and acceleration were varied from 10% to 100% of
the arm’s nominal maximum for each operation. Note that the
arm starts from a stationary position, and the instantaneous
speed is bounded by the chosen motion configuration and
also varies across the arm joints. The power consumption of
the mechanical arm and computing units was measured and
integrated over time to obtain the energy consumption. It can
be seen in Fig. 3(a) that computational energy is comparable
to the energy consumed in the mechanical part in all velocity
values. More importantly, the optimal point for the velocity
and acceleration changes from 20% (for when considering
the mechanical energy only) to 50% (for when the compu-
tational energy is taken into account). We hypothesize that
this change is due to the intricate interplay of the computing
power and operation duration. Indeed, at higher velocities,
the time interval during which higher DVFS level is required,
is shorter, and despite higher computing power, this leads to
a decrease in overall energy.

We further analyzed the effect of motion configuration
within a single state of the pick-and-place operation due to
its more stable power profile. The home state was selected
because it exhibits stable power behavior and minimal envi-
ronmental influence. We fixed the velocity and acceleration
in all other states to the design-time optimal value found
from Fig. 3(a), i.e., 50%, and varied the velocity only in
the home state. Fig. 3(b) shows the results of this state-wise
operation, revealing the same trend as in the operation-wise
configuration. However, this time the optimal point for the
velocity within the home state is significantly different from
those global operation-wise configurations, in both cases
when considering mechanical only, or the overall energy.
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Fig. 4: Overview of the proposed controllers for the mechan-
ical motion and computing DVFS management.

This shows the necessity of considering the overall energy
in state-level motion configuration.

In conclusion, we demonstrated that the computational
energy not only contributes significantly to the overall energy
consumption of the system, but can change the inherent
dynamics of the system and cause noticeable impact on
the optimal motion configurations. An energy-aware oper-
ational controller should take into account this contribution
and dynamic changes at runtime, as it varies over system
operation states. Moreover, the situation is exacerbated when
considering other a priori-unknown environmental factors
such as object position, destination position, and compu-
tational workload that also contribute to determining the
overall energy.

IV. METHODOLOGY

We propose a runtime energy-aware control strategy to
coordinately manage the configuration knobs in the two parts
of the robotic system, i.e., motion of the mechanical arm
and the computing resources of the processing units. For the
mechanical part, the arm motion velocity and acceleration are
optimized by an online Bayesian optimization method that
identifies the optimal configurations across various system
states. This method learns a surrogate model over time to es-
timate the overall energy given the arm motion configuration,
scenario-specific context information and historical data. The
computing resource manager, on the other hand, continuously
adjusts the DVFS configuration of the processing board
based on the current performance (throughput) level of the
running applications. The objective of this manager is to
consume a minimum amount of computing resources while
maintaining the required throughput for the running applica-
tions, i.e., the number of processed frames per second. The
two controllers run in tandem with each other through the
variable FPS of the vision sensory data, as motivated in the

discussion presented in Section III-B. The motion controller
needs to account for both mechanical and computational
energy when optimizing the mechanical motion, and the
computing part acts according to the motion of the robot
and adjusts its performance and energy consumption. The
overview of the system components and their interface with
the proposed controller setup is presented in Fig. 4. The mo-
tion controller of the robotic arm receives the mechanical and
computing power measurements and outputs the Bayesian
optimization results, i.e., the joint velocity and acceleration
configurations, which are executed by the arm driver (FCI).
The DVFS manager for the computing part receives the run-
ning applications’ throughput data and adjusts the frequency
levels of the processing board accordingly. The frontal and
global images from the stereo cameras are consumed by the
running vision applications through the FPS governor, which
adjusts the input rate according to the speed of the arm end-
effector. In the following, we describe our control methods
for the two parts.

A. Motion Controller

We employ a modified version of the meta-algorithm
proposed in [5] and couple it with a constrained context-
aware Bayesian optimization method to perform energy-
aware motion actuation on the mechanical arm. The adaptive
probabilistic nature of this method, along with its ability
for uncertainty quantification and its proven sampling effi-
ciency compared to data-driven methods, renders this choice
suitable for arm manipulation operations with varying and a
priori unknown task types and environments.

Concretely, this optimization outputs the two variables
for adjusting the velocity and acceleration of the arm joints
relative to their individual nominal values. This output can
be denoted as x = {(vs, as)|vs,as € [0,1],s € S}, where
vs and as denote the proportional velocity and acceleration
limits for the state s, and S is the set of operational states.
The actual value of the maximum allowable velocity and
acceleration for the 4 th joint in state s is then computed as

ct = [al]- [Zm“ }, where v}, are the nominal
maximum speed and acceleration for the i th joint motor,

respectively. We formalize the optimization problem as:

and a’

xT max

x* = argmin E(x, c)

st. T(x,¢) < Thax, 1 <x<u )
xEP

where x € R?*IS| is the proportional velocity and ac-
celeration configurations across operation states, ¢ € R™
is the context vector containing information such as initial
position of the detected object, its target position and weight,
E(x,c) is the overall energy consumption when the given
configuration and context information are applied, T},q5 1S
the operation time constraint, P is the feasible set for the
configurations, and 1 and u are the lower and upper bounds
for the configuration, respectively.

We integrate the time constraint into the objective cost
function by an exponentially weighted penalty and, in the
Bayesian optimization setup, assume this cost as noisy
observations of a function f : R2XISI x R™ — R, as:

6132



y = E(x,¢) +exp(n) - tover

= flx,c) +¢ @

where 7 is the weight for overtime penalty, t,per =
max{0,t — Tymar} With t being the operation time, and
e ~ N(0,0?) is the Gaussian measurement noise. This
generic function is approximated iteratively by a Gaussian
Process (GP) surrogate model parameterized by its mean
function p(x) and covariance kernel k(x,x’). We consider
each pick-and-place operation as one optimization iteration.
To do so, we translate the power sensory data for an operation
to iteration-level overall energy consumption e; and collect it
along with the operation time ¢;, motion configuration x; and
context vector c; to form the accumulating training dataset.

D1 = {(xi,¢i,9i) iy ®

where y; is the weighted cost function in Eq. 2. The

posterior parameters of the GP surrogate model are then
identified as:

pn (%) = po(x) + k(x) (K + 0" 1) 7'z @

o2 (x) = k(x,x) — k(x) (K +0’I) " "k(x) 5

where o is the prior mean function, k is the
squared exponential covariance kernel [31], k(x) =
[k(x,%x1),...,k(x,%x¢)], K is the Gram matrix: K;; =
k(x;,x;) and z = [21,...,25], % = y; — fto(X;). The next
evaluation configuration x,,11 is then selected to maximize
the Expected Improvement (EI) acquisition function, which
at the same time yields the minimum objective cost, as:

i1 = argmaxE [max{0,y" — y})ly ~ N(un (0,02 (0] ©

where y* is the best known cost so far. The motion
optimization procedure is summarized in Algorithm 1. Inputs
include the GP prior mean and covariance functions g
and k, time constraint T,,,,, over time penalty weight 7
and parameter bounds 1 and u. Each optimization iteration
(Lines 3-12) starts with identification of search state (Line 3).
Then, current context information is estimated by the object
detection application (Line 4) and Bayesian optimization
is performed by the previously collected data points based
on Egs. 4, 5 (Line 5). Then, optimal motion configuration
is selected based on Eq. 6 (Line 6). The configuration is
applied in Line 7, and the overall energy consumption is
observed. The objective cost is computed in Line 8, while the
cumulative dataset D and the best-so-far cost y* are updated
in Lines 9 and 11, respectively. Finally, the controller waits
for the next operation to start.

B. DVFS Manager

We adopt the resource management policy proposed
in [19] to perform runtime DVFS adjustments in order to
minimize computing energy while maintaining the required
throughput for the running applications, i.e., the number
of processed FPS. We utilize various computing clusters
within one processing board, e.g., Arm Cortex CPU cluster
and Ampere GPU in ZED Box Orin. We map the running
applications onto predefined clusters depending on their
characteristics. The DVFES control knob can be adjusted in

Algorithm 1 Motion Controller Optimization Loop

Inputs:

- [o > GP prior mean
-k > GP covariance function
- Trhax > Maximum allowable time duration for the task
-n > Exponential weight for overtime
-Lu > Configuration lower and upper bounds

I: D+ 0

2: while true do
WaitForSearch()

ctx <+ ReadContext()
Hn, o% = GetGaussianPosteriors(uo, k, D) > Eqgs. 4,5
Vewrrs Geurr = GetArgmaxEl(un, 02, k, ctx,y*,1,u) > Eq. 6
e, t < Runlteration(veyrr, Geurr) > Pick&place operation
y < e+ exp(n) - max(0,t — Tmax)

D+ DU {('Ucurm Qcurr, y)}

10: if y < y* then

11: y* <y

12: WaitForNextOperation()

> Training dataset initialization

VRN AW

the cluster-level to trade-off computing power with execution
performance. We aim to minimize the computing power, that
results in minimized computing energy along the pick-and-
place operation, by identifying the minimum level of DVFS
of each cluster that still satisfies the throughput requirements
of the applications running on that cluster. As discussed
in [19], [32], the application throughput has a linear relation-
ship with the CPU/GPU frequency level. Similar to [23], to
determine the frequency level of each cluster, we consider its
most critical application, defined as the application with the
minimum throughput level. Given the current frequency level
feurr> the current throughput of the most critical application
theyrr, and its required throughput th,,e,,, we determine the
new frequency level for each computing cluster as follows:

frew

feurr
V. EXPERIMENTS

thpnew = “theurr (@)

A. Setup

Our evaluation setup is the one described in Section III-
A. We have implemented our proposed method in ROS
architecture, utilized the Movelt motion planning frame-
work [33], and RRTConnect trajectory planner [28]. The
applied velocity and acceleration limits for the mechanical
motion are in the continuous space of [0.01,1], whereas
the DVFS configuration of the computational part is in the
discrete space ranging from 100MHz to 2.0GHz for ZED
BOX ORIN, and 400MHz to 4.4GHz for UP Xtreme i11. The
value of T}, is different for each task and operation, and 7,
is set to 1.1. For the vision applications, the processing rate is
set to be at least 1 FPS when the end-effector was stationary,
increasing linearly up to 30 FPS at maximum end-effector
speed. The static power consumption of the FCI controller,
with the arm disconnected as in [1], was measured at 69.8 W,
which we refer to as the static power. Results are reported
both excluding and including this static power.

Tasks: We perform our energy-aware control method in two
distinct tasks: 1) pick-and-place in which one single object is
picked from and placed to a certain position, and 2) sorting
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Fig. 5: Experimental setup for the robotic sorting task.

where several objects with different shapes, weights and
picking and placing positions are sorted. Fig. 2 represents
the pick-and-place operation and Fig. 5 illustrates the setup
for the sorting task.

Baselines: To evaluate the performance of our proposed
approach, we compared it against five baselines: (i) MAX,
where velocity and acceleration are set to the manufacturer-
specified maximum values; (ii)) MIN, where velocity and
acceleration are set to the minimum values that still ensure
task completion within the maximum allowable duration;
(iii) RS (Random Search) [5], [34], where a random search
method is embedded in the meta-algorithm proposed in
[5] where motion configurations are randomly selected to
explore the allowable speed values; (iv) DT-MECH (Design-
time Mechanical Optimization) [11], where the configuration
is selected based on whether the arm carries a payload or not,
and optimal velocity/acceleration are obtained by modeling
the energy consumption as a function of motion duration;
and (v) BO-MECH (Bayesian Optimization — Mechanical
only) [5], where Bayesian Optimization is applied consid-
ering only the mechanical energy. The MIN, MAX, and
DT-MECH baselines, inspired by [23] are static methods,
whereas the rest runtime optimizers, which we refer to as
optimization-based baselines.

B. Results

Pick-and-place: As a first step, we evaluate the performance
of methods on a representative pick-and-place task, in which
a single object of approximately 200g was manipulated,
with the task duration constrained by T},,x = 30s. For the
proposed method, as well as the optimization-based baselines
RS and BO-MECH, the algorithms were executed for 100
iterations, all starting from the same random initial config-
uration to be comparable. Fig. 6a presents the cumulative
minimum energy for these baselines versus our method,
demonstrating the convergence of the algorithms to optimal
configurations. As shown, RS and BO-MECH achieve their
best solutions at iterations 67 and 53, respectively, and do not
improve further up to iteration 100. In contrast, the proposed
algorithm reaches its best solution at iteration 92, while it
has already outperformed the best of RS and BO-MECH by
iteration 12.

Fig. 6b compares the overall energy consumption of the
baselines versus our method at optimization iterations 5, 20,
and 100. For each iteration, the reported energy corresponds
to the best motion configuration identified up to that point,
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Fig. 6: Energy optimization results in pick-and-place: (a)
cumulative minimum energy across iterations, and (b) com-
parison with all baselines.

averaged over ten repeated executions to reduce the impact
of measurement noise. The results show that the proposed
method outperforms MAX, MIN, RS, and BO-MECH after
only 5 iterations and surpasses all baselines after 20 itera-
tions. This rapid improvement highlights the data efficiency
of the proposed approach, especially when contrasted with
other data-efficient optimization methods such as [35], which
typically require substantially more samples to converge to
energy-optimal solutions.

The velocity and acceleration for each method, together
with the average end-effector speed and the average CPU
frequency of the computing units during each motion state,
are summarized in Table I. The CPU frequency was com-
puted in two steps: first, the frequency of all CPU cores
was averaged for each computing unit over the duration of a
given motion state; second, the averages from the two units
were combined to obtain the final reported value. For the
searching and waiting states, the average CPU frequency was
about 0.35 GHz and 0.25 GHz, respectively.

To further validate robustness, we additionally tested the
proposed algorithm and all baselines on 20 different pick-
and-place tasks with object weights ranging from 100 g to the
robot’s maximum payload (3kg), as well as varying picking,
placing, and waiting positions. The improvements achieved
by our method across all baselines are reported in Table II.

TABLE I: Velocity (v), acceleration (a), average end-effector
speed (s) in m/s, and average frequency (f) in GHz across
motion states for the proposed method and baselines.

Method Picking Placing Homing

v a N f v a s f v a s f
MAX 1.00 1.00 0.43 1.7|1.00 1.00 048 1.5|1.00 1.00 0.52 1.3
MIN 0.12 0.12 0.12 05]0.12 0.12 0.14 04|0.12 0.12 0.13 03
RS 0.65 042 026 09083 0.61 038 1.2]039 047 032 1.3

DT-MECH | 0.23 023 0.16 0.6|0.18 0.18 0.14 04023 023 0.17 04
BO-MECH | 091 0.79 026 09|0.19 0.27 0.18 05]026 0.12 0.15 04
Ours 0.89 052 023 0.8|093 039 038 1.1]0.07 0.04 0.09 03

TABLE II: Energy savings of the proposed method relative
to baselines for the pick and place task.

Baseline Excluding static power Including static power
MAX 20.9% 10.6%
MIN 12.2% 5.6%
RS 9.6% 4.2%
DT-MECH 10.2% 4.9%
BO-MECH 8.0% 3.7%

Sorting: In the next experiment, we evaluate the proposed
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Fig. 7: Cumulative minimum energy for the sorting task.
Solid lines show optimization-based methods, while dashed
lines indicate non-optimization baselines.

methodology on a sorting task, with the setup shown in
Fig. 5. Multiple objects of different shapes and weights
are used, and both picking and placing locations are varied
to emulate realistic scenarios. Each operation has a fixed
duration Tiyax: 30s for Objects 1 and 4, 40s for Object 2,
and 35s for Object 3.

Fig. 7 compares our approach with several baselines,
implemented identically to the pick-and-place task. Since
object types and pick/place locations vary, the BO-Mech
baseline must optimize six control parameters per operation,
yielding 24 parameters across four operations. These are
estimated once and then used sequentially from Operation 1
to Operation 4. For the other baselines, the operation order
is randomized, with each executed using the respective
method’s estimated optimal controls. As shown in Fig. 7,
our method outperforms all baselines across the four objects.
On average, energy is reduced relative to MAX, MIN, DT-
MECH, RS, and BO-MECH by 11.2%, 7.8%, 5.8%, 6.2%,
and 7.2%, respectively. We further repeated the experiment
for 20 sorting tasks with varying objects, positions, and
Thax; average energy savings relative to each baseline,
both excluding and including static power, are reported in
Table III.

Unlike the pick-and-place task, the sorting task requires
BO-Mech to optimize 24 control parameters. In most sorting
tests, BO-Mech does not outperform the other baselines. As
the number of parameters increases, the efficiency of black-
box optimization methods such as Bayesian optimization
degrades; it is most effective with fewer than about 20 control
parameters [36]. To illustrate, Fig. 8 compares our algorithm
with standard Bayesian optimization on a sorting operation,
aiming to minimize overall energy(rather than only mechan-
ical energy as in BO-Mech). As shown, our context-aware
Bayesian approach achieves substantially better performance.

In Fig. 9, we examine how the context-aware Bayesian
approach explores the parameter space and identifies optimal
settings for Object 1 in the sorting task. Energy is plotted
as a function of picking-state acceleration (A;) and velocity
(V1). In Fig. 9(a), A, varies from 5% to 100% while other
parameters are fixed; in Fig. 9(b), V7 varies under the same
conditions. The optimal A; is about 10% for mechanical

TABLE III: Energy savings of the proposed method relative
to baselines for the sorting task.

Baseline Excluding static power Including static power
MAX 13.8% 11.3%
MIN 9.0% 7.3%
RS 6.4% 5.1%
DT-MECH 6.0% 4.8%
BO-MECH 7.7% 6.2%
—— Ours BO
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Fig. 8: Cumulative minimum energy across iterations be-
tween our context-aware and standard Bayesian.

energy and 40% for overall energy, while the optimal V; is
about 20% and 60%, respectively. Fig. 10 shows how the
algorithm converges to these optima: it first samples widely
across the space, then progressively concentrates near the
optimal values—around 40% for A; and 60% for V;.

VI. CONCLUSIONS

This paper presents a runtime optimization framework
that jointly optimizes mechanical motion and computational
workloads to reduce overall energy consumption in a col-
laborative lightweight robotic arm. Unlike most prior en-
ergy optimization approaches for robotic arms that over-
look computational energy consumption and focus solely on
energy-aware locomotion control, our method captures the
interaction between motion parameters and computational
demand. It employs a context-aware Bayesian approach for
the joint manipulation of arm locomotion and processor
frequency. Experiments on a Franka Emika Panda robot
performing pick-and-place and sorting tasks demonstrated
energy savings of 3.7% and 6.2%, respectively, compared
to methods that focus solely on minimizing mechanical
energy. This work highlights a significant gap in the current
state of the art in the field of energy-aware optimization
of industrial robots, opening several challenges for more
complex scenarios such as collaborative multi-arm systems
with distributed computing architectures.
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