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Abstract— Offloading software modules to the edge/cloud can
enhance a robot’s capabilities by leveraging massive computing
power. However, determining which software module should
be offloaded and scheduled to which robot/edge/cloud node is
a challenging task, particularly for robot fleets with diverse
tasks. In this paper, we tackle the software scheduling problem
and introduce a taxonomy to categorize software modules and
classify their applicability and requirements for offloading. Ad-
ditionally, by using prior measurements, we model the compute
cluster and formalize software scheduling as a multi-objective
optimization problem which we tackle with a genetic algorithm.
To evaluate our approach with a challenging setup, we build a
mobile manipulation task using open-source frameworks and
libraries in the Robot Operating System (ROS2) community
in simulation as well as a mildly simplified real-world variant.
Our evaluation shows significant improvements compared to
the built-in scheduler of Kubernetes (K8s) regarding robotic
specific metrics such as the rate of missed cycle time in both
simulated and real-world experiments.

I. INTRODUCTION

Recent advances in robotics and Al research lead to the
development of robots that are able to perform diverse
tasks autonomously in various environments. However, with
growing task diversity, the complexity and size of the cor-
responding robotic software stack increases as well. For
instance, for a mobile manipulator to accomplish a pick-up
and delivery task in an industrial environment, a plethora of
software modules solving sub-tasks such as scene perception,
arm motion control or navigation is required [1]. All those
modules require massive computational resource that cannot
provided by a single onboard computer due to limited space
and battery capacity. Therefore, offloading to the edge or
cloud could enhance the robot’s capabilities for many tasks
[2]. However, two main questions have to be addressed: A)
which parts should be offloaded from the robot and B) to
which edge/cloud nodes. Different resource limitations of
compute nodes in a potentially heterogeneous cluster (i.e.,
consisting of robots, edge and potentially cloud nodes of
different specs) lead to variations in the software modules’
performance in addition to uncertainties regarding bandwidth
and latency in the communication network. Therefore, a
systematic modeling and scheduling approach is necessary
to make assignment decisions.

Compared to scheduling in cloud native computing [3],
robotic software has specific requirements, such as real-time
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Fig. 1. High-level overview of the modeling and scheduling approach to
achieve multiple objectives in robotic software scheduling.

constraints, safety considerations, and the module activation
periods that depend on the task allocation. Therefore, we
first introduce a taxonomy for robotic software that takes
into account the activation pattern, safety relevance, and the
real-time requirements and categorizes all software modules
regarding their suitability for offloading to the edge or cloud.
Based on this taxonomy and prior measurements to create
a model of available compute hardware in the cluster, we
mathematically formulate robotic software scheduling as a
multi-objective optimization problem. In this paper, we use
the Nondominated Sorting Genetic Algorithm II (NSGA-II)
to optimize with respect to four objective functions which de-
fine the optimization goals such as reducing onboard resource
requirements, load balancing, and guarantees regarding cycle
times. A high-level overview is illustrated in Fig. 1. Note that
we focus on a-priori scheduling in this paper, i.e., assigning
software modules to compute nodes before actual deploy-
ment of the robots. This work can serve as a basis for more
complex orchestration tasks such as coordinating multiple
services or scaling and/or moving workloads dynamically
during deployment, i.e., while the application is running,
which are not considered here.

To demonstrate the usefulness of our proposed approach,
we build a mobile manipulation application using ROS2
(distribution: humble) and Gazebo [4] on top of commonly
used open-source robotic software stacks, including Nav2
and Movelt2. We containerize each software module with
Docker to be fully compatible within Kubernetes in the hy-
brid robot/edge/cloud computing infrastructure. We conduct
experiments in single-robot and multi-robot setups (scale-
up is achieved through multiple parallel Gazebo instances),
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considering both fleet task allocation and the case of all
software modules running in parallel. Using the rate of
missed cycle times as metric, we compare our approach to
a purely onboard deployment in the single-robot setup and
the Kubernetes default scheduling scheme in the multi-robot
setup. In addition to the simulation-based experiments, we
test our approach with a slightly stripped-down variant of
the application using three physical Turtlebots navigating an
office environment with a heterogeneous cluster of compute
nodes. Using our approach, we achieve significant improve-
ments regarding software runtime quality in all experiments.

In summary, the main contributions of this paper are
a taxonomy to categorize robotic software modules for
scheduling, a mathematical formulation of robotic software
scheduling as a multi-objective optimization problem built
on top of the taxonomy and a pre-measured model of the
compute cluster. Finally, we demonstrate the effectiveness of
our approach in both simulated and real-world experiments
with multiple robots and different compute clusters.

II. RELATED WORK

Offloading robotic software to the edge/cloud offers a
powerful enhancement to various robotic tasks [2], [5]. A
lot of innovative concepts and methods were proposed for
tasks ranging from perception [6], grasping pose estimation
[7], navigation [8] to motion planning [9], [10]. Many “as-a-
service” models were proposed to provide robotic skills as a
cloud service and improve accessibility, such as Dex-Net as
a Service (DNaaS) [11] or Robot Inference and Learning
as a Service (RILaaS) [12]. Those approaches show that
the performance of one specific task can be significantly
improved by using cloud computing, even in the presence
of a high network latency.

Complementing these advancements from a system per-
spective, several architectural solutions were proposed to
simplify the access to cloud computing for roboticists. For in-
stance, FogROS2 automatically provisions Virtual Machines
(VMs) in the cloud to deploy ROS2 nodes [13]. Rapyuta
establishes web-socket-based communication to access the
robot knowledge base [14]. KubeROS uses K8s to facilitate
the deployment of ROS2-based applications across robot,
edge, and cloud [15]. These concepts provided an easy
way for offloading. However, the question of which module
should be offloaded and to which nodes remains a challenge
in the robotics domain.

In cloud native computing, scheduling is a key process
that aims to efficiently place the software modules or con-
tainers into appropriate compute nodes to meet requirements
such as high service availability and reliability, workload
balancing, low cluster cost [3]. In the widely used orches-
tration platform Kubernetes (K8s), the built-in scheduler
makes assignment decisions in two main steps: selecting
nodes that meet the requirements and then ranking them
based on configurations such as LeastAllocated and
BalancedResourceAllocation [16], [17].

Based on the K8s built-in scheduler, a new Kubernetes
Container Scheduling Strategy (KCSS) was proposed to

improve the performance by considering hybrid criteria
[18]. In [19], the authors proposed a genetic algorithm-
based approach to optimize container allocation and elasticity
management related with respect the users’ demands. To
minimize energy utilization, a Kubernetes-Based Energy
and Interference Driven Scheduler (KEIDS) is proposed for
industrial IoT in an edge-cloud ecosystem [20]. A recent
study proposed to extend the KS8s built-in scheduler with
RT-container (realtime) capabilities through the RT plugins
that provide additional data and introduced a platform called
RT-Kube, which aims to reduce the missed real-time dead-
line rate for time-critical tasks and evaluated with a single
mobile manipulator [21]. In comparison, our work focuses
on scheduling software modules of an entire robot fleet and
minimizing the overall cycle time that also considers the
network communication latency.

In general, schedulers from cloud computing are ap-
propriate for numerous use cases in cloud applications,
but not optimized for robotic software. When deploying
numerous software modules of an entire robot fleet, an
uneven deployment can cause node overload because the
scheduler lacks prior-knowledge about the software modules
and their requirements from a robotic application perspective.
In contrast, our modeling and scheduling approach takes both
factors into account to create an optimized assignment.

Additionally, there are two relevant research areas: re-
source allocation in cloud robotics, which mainly focuses
on task level offloading and scheduling to improve service
performance and overall workflow [22]-[24], and multi-
robot task allocation, which focuses on task distribution
among multiple robots to achieve the overall goals of the
system [25]-[27]. In this paper, we focus on software-level
scheduling, which is independent of task-level allocation.
Our approach aims to ensure that all software modules
can be invoked at any time without risking performance
deterioration. Finally, our scheduler is platform-agnostic and
can be used with various orchestration platforms such as
Docker Swarm or K8s.

III. OPTIMIZED SCHEDULING APPROACH

In this section, we describe our approach for optimized
scheduling of robotics software modules to nodes in a hybrid
compute cluster. In Sec. III-A, we propose a taxonomy to
assess the suitability of modules in a given robotic software
stack for offloading. In Sec. III-B, III-C and III-D, we give a
mathematical formulation of the scheduling problem, a-priori
assumptions and the formulation of optimization objectives
respectively. Finally, Sec. III-E describes the implementation
of our optimization approach.

A. Taxonomy

For robotic software modules, the requirements and con-
straints that need to be taken into account when assessing
their suitability for offloading the edge or cloud are different
compared to cloud native computing. Inspired by research in
multi-robot task allocation [28], [29], we therefore propose
a taxonomy (see Fig. 2) that provides a comprehensive
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Fig. 2. Visual representation of the robotics software taxonomy: All
modules (colored carrot orange) that either require hard real-time or are
safety-critical must be deployed in the robots. Modules in green can be
offloaded to reduce the onboard compute load. Modules in between (blue)
need to be scheduled based on the requirements and robot cluster state.

way to categorize and abstract the entire software for a
robotic application to the mathematical models designed
for multi-objective optimization of the scheduling problem.
The taxonomy considers three important metrics: activation
patterns, security importance, and real-time requirements.

1) Execution pattern: We consider three levels of execu-
tion patterns: Continuous tasks run continuously while the
robot is active and have a desired control loop time. Time-
extended periodic tasks get activated at regular, predictable
intervals and run for an extended period with a defined
start and end point. Instantaneous tasks (event-based) are
executed in response to specific events or conditions. They
are event-driven, non-determined, and less predictable.

2) Real-time requirements: Again, we consider three lev-
els of real-time requirements: For modules with hard real-
time requirements, timing is critical, and missing a deadline
can lead to catastrophic results or system failure. Such
modules have to be deployed in the robot and the scheduler
needs to reserve enough resources for them to work properly
at all times. For modules with soft real-time requirements,
timing is important but not critical. Deadlines may be missed
occasionally without causing system failure, but might lead
to performance degradation. Finally, modules with Non-real-
time requirements have no strict timing constraints such that
their timing is less critical and delays usually do not result
in performance degradation.

3) Safety relevance: Safety-critical modules directly im-
pact the safety of the robot or its environment. Failures
of such modules can lead to severe consequences, hence
there must be sufficient resources reserved for that module
even in the worst-case scenario. Safety-relevant modules
are important for ensuring safe robot operation, but failures
may not have immediate catastrophic consequences. Safety-
irrelevant modules are not critical for the safety of the robot
or its environment, but they may influence functionality or
efficiency of the overall application.

Fig. 2 visualizes the three metric axes of our taxonomy.
In general, software modules with hard real-time and/or are
safety-critical requirements (carrot orange in Fig. 2) must

TABLE I
VARIABLES AND DEFINITIONS

Compute cluster

N Number of robots’ on-board compute nodes, Ng € N

Ng Number of edge/cloud compute nodes, Np € N

N Number of all compute nodes N = Ng + Ng

¢ Compute cluster {nj,...,ny} =CrUCE

Cr On-board compute cluster {ni,...,ny, }

Cg Edge and cloud compute cluster {nyg+1,...,ANg+Ng }

nj The j-th compute node in €
Software and Resources

R Set of resources, e.g., R = {CPU,RAM,GPU }

S Number of software modules

S Set of software modules in the stack {my,...,ms}

m; The i-th software module in S

%z Set of available resource limits {L,...,Ly} of each node n;
Scheduling/Deployment

S (mj,nj) Binary indicator, 1 if the module m; is scheduled to node n;

U(mj,nj,r)  Usage of resource type r € R by module m; on node n;

u; total usage of resource type r € R on compute node n;

L; Limit of resource type r € R on compute node 7;

Texe (miA,"j)
tcycle(mhnj)
T(mi,n;)

Execution time of m; on n;
Cycle time of m; on n;
Cycle time (expected vs actual) factor if &(m;,n;) =1

be deployed onboard and their resource consumption must
be considered when scheduling other modules. In contrast,
modules without safety requirements that do not necessarily
need to run continuously (green in Fig. 2) should be pri-
oritized for offloading. All modules marked in blue can be
scheduled based on their requirements and the cluster and
network status.

B. Problem Formulation

Let S = {my,...,ms} be a set of containerized software
modules to be scheduled in a given robotics software stack
(entire fleet). Furthermore, let € = {n;,...,ny} be a set of
N available compute nodes (referred to as compute cluster)
consisting of a set of Ng robots, or more precisely, robot
on-board compute nodes €g = {ni,...,nx,}, and a set € =
{NNg+1,---,iNg+ng + Of Ng compute nodes from the edge
or cloud, i.e., € =C€xr U and N = Ni + Ng. We consider
the scheduling problem in this paper to be the optimal
distribution of containerized software modules to compute
nodes. That is, a deployment function ¢ : S — € that assigns
software module m; to a compute node n; = @(m;). The
definitions of relevant symbols are listed in Table I.

As the quantification of safety relevance requires human
expertise, and the critical safety requirements or hard real-
time constraints cannot be guaranteed due to the variability
of network latency, these modules must run on the robot’s
on-board computing platform. According to our taxonomy,
we only consider software modules without hard real-time
requirements that are not safety-critical (green and blue
modules in Fig. 2) for scheduling to the edge/cloud. Ad-
ditionally, cloud and edge nodes are considered the same in
our model, in contrast to robot/on-board nodes. We consider
the difference between cloud and edge in their resource
scalability as well as the network latency, bandwidth, and
reliability, which are considered by our model. For brevity,
we will use the term edge in the remainder of this paper. As
optimal deployment in a robotics context is different from
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cloud applications, we formulate optimality criteria under
the following robotics-specific assumptions.

C. Assumptions

1) Limited on-board resources: As we particularly target
mobile robots with our approach, this assumption is key.
On the one hand, most mobile robots are equipped with
lean compute devices, mostly in a small form factor to meet
the space constraints. On the other hand, deploying software
modules to the on-board compute is directly related to the
power consumption and therefore its battery life.

2) Balanced edge-/cloud-resource utilization: Available
compute resources in the edge or cloud are much higher
compared to on-board compute, but a balanced workload
distribution is desired. An edge cluster typically consists of
multiple server nodes with powerful hardware, which should
be evenly used to avoid fully loading individual nodes while
others are running in idle mode.

3) Communication network variability: There is a vari-
able latency and available bandwidth between the (mobile)
robot nodes and the compute nodes in the edge, particularly
during task execution. That is, exchanging data between
compute nodes inside the robot or the edge requires less
time and offers higher bandwidth due to a wired network
connection and is thus subject to a lower network latency
compared to data sent via a wireless network connection
from robot to edge/cloud nodes and vice versa.

D. Objective Formulation

In this section, we formulate scheduling objectives de-
duced from our aforementioned assumptions. The function
O(mj,nj) is a binary indicator if software modules m; is
deployed on compute node nj, i.e., 6(mj,n;) =1 if n; =
¢(m;) and 8(mj,n;) = 0 otherwise. With a set of resources
2R (such as CPU, GPU, or RAM), the function U (m;,n,r) is
defined as the usage of resource type r of software module
m; on compute n;. Using these definitions, the following
function F; formalizes the total resource consumption of the
software modules deployed on the robot onboard compute
nodes to be minimized according to assumption III-C.1:

Ng S
Fl = Z ZZS(mian)'U(mivnﬁr)a (l)

reR j=1i=1

—qq
7.uj

with u = Y3 8(mi,n;j)-U(m;,nj,r) formalizing the total
usage of resource type r on compute node n;. However, we
not only want the deployment solution to minimize the total
on-board resource consumption but also to respect certain
resource limitations. Therefore, we define a set of resource
limitations %, = {L;, ..., Ly} for each compute node n; per
resource type r € 9R. That is, the total resource consumption
of all software modules deployed to one compute node #;
must be lower than the node resource limit: u; < L7. We
formalize this with the following function:

N
Rev-Y Y @

refi j=1

In contrast to considering the resource limit as a hard
constraint, we model it as an objective to maintain a certain
resource reserve. In case a deployment solution ¢ violates
the resource limitations, i.e., if u; > L; for any compute node
n; and any resource type r € R, the solution ¢ is considered
invalid.

To realize assumption III-C.2 to evenly distribute the
software modules on the edge nodes, we formalize and
quantify the “evenness” of the resource usage in the edge
cluster nodes. Therefore, we follow the notation in [19] and
use the standard deviation ¢ of the resource utilization rate
among edge/cloud nodes:

F=Y o[/ ,.) 3)
ren

All of the objectives considered so far are related to the
amount of resource utilization across (parts of) the compute
cluster caused by the scheduling solution ¢. To consider
assumption III-C.3, let fexpecied (i) and feyere(mi,n;) be
the expected and actual mean cycle time of software module
m; running on n; for a given scheduling solution ¢. We
consider the cycle time of the module m; when scheduled to
n; the sum of the execution time fexe(m;,n;), the incoming
latency fin(m;,n;), and the outgoing latency fou(m;,n;):

feycle(Minj) = tin(Mi,nj) 4 texe (Mi, 1) +tow(mi,ng) — (4)

The communication latency implicitly depends on the
amount of data software module m; sends and receives as
well as on the deployment function ¢, i.e., the latency varies
depending on where a software module is deployed and if
the data it sends and/or receives needs to be transmitted over
wireless communication. If the entire software stack is in a
healthy state, the actual average cycle time of all software
modules should be less than the expected, i.e., all the cycle

time factors ( )
Com ) — Teycle (51

T(m”nj) ' texpected(mivnj) (5)

should less than 1. We set T-i(m;n;) = t(m;n;) if

T(m;,n;) > 1 and otherwise 7-1(m;,n;) =0 to denote missed

cycle time factors. Hence, we aim to minimize the function

S N
Fy=YY 8(minj)-t=1(mi,n;), (6)
i=1j=1
which formalizes the amount of missed cycle times of all
software modules across the compute cluster.

The choice of objective functions presented in this section
is not and can not be comprehensive. There is a plethora
of possible alternative objective functions. For example, by
assigning an economic cost value to each compute node, the
cost of the entire system can be optimized.

E. Optimization Implementation

The scheduling optimization problem formulated above
involves a large search space and the complexity grows
with the cluster size and the number of software modules.
As genetic algorithms have been widely used in cloud
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Fig. 3. Performance test on different VM series: This data is used as
prior knowledge in the scheduler. We run the performance test automatically
in a K8s cluster for a set of given software modules.

computing and multi-robot task allocation research to tackle
such optimization problems [19], [24], [30], we propose to
use a genetic algorithm to find an optimal or near-optimal so-
lution. Similar to [19], we employ the Nondominated Sorting
Genetic Algorithm II [31] using the available implementation
in the Python Genetic Algorithm (PyGAD) library [32] to
find an optimal deployment function ¢ : S — € for a given
software stack S and compute cluster €.

In this paper, we focus on a-priori scheduling, i.e., finding
an optimal scheduling solution before the actual deployment
of the software stack and implement the four objective
functions Fi,...,Fs described in Sec. III-B. Next to the
explicit implementation of objectives as fitness functions
and the implicit implementation of constraints penalizing
an invalid solution with a negative reward as described in
Sec. III-B, we also implement robotic specific constraints
through assigning a specific gene spaces to each software
module. For each software module m;, we can define a
set of compute nodes C; C €, which NSGA-II is allowed
to deploy m; on. For instance, it does not make sense to
deploy a software module my; belonging to robot n; on
any other robot’s on-board compute node, hence we set the
gene space to Cy := {ni,nng11,....,nn} = €\ {na,...,nn, }.
Another option for modules that cannot be processed at all on
the robots’ on-board compute nodes due to their limitations
could be to restrict the gene space to (a subset of) €g, which
reduces the search space. We run the optimization algorithm
with random mutations with a mutation probability of 30 %,
“single point” crossover, 100 solutions per population for a
maximum 100 generations as these parameters delivered the
best optimization results in our experiments (see [32] for
details on parametrization of the PyGAD library).

Prior Data and Cluster Model to Calculate the Fitness:
For our NSGA-II optimization algorithm to produce plausi-
ble deployment functions ¢ : S — € as results, we need to
create a model of the performance of our software stack S
and the compute cluster €. Therefore, we use default K8s
and deploy each software module m; € S on one cluster
node of each hardware type and measure its execution time
over a certain time window. To eliminate the influence of
other software modules running in parallel on the same
compute node n, we assign varying CPU-limits from the
set {0.25,0.5,1,2,...,L5PY} during these measurements,

d) Human Detection

a) Navigation

pegson

b) Manipulation

Fig. 4. Mobile manipulation: Multiple mobile manipulators work in a
warehouse to pick up and deliver goods. It consists of following subtasks:
a) autonomous navigation; b) manipulation to pickup object; c) scene
segmentation to localize target object; d) human pose estimation.

TABLE II
SOFTWARE MODULES IN EXAMPLE APPLICATION
Max. Avg.
Module Cycle Execution Fxllm evytohrk/
Time Rate* gortthm
nav. motion planning 1s 70% NavFN
nav. localization 33 ms 70% SLAM-toolbox
nav. controller 33 ms 70% MPPI
nav. periphery 1s 100% Nav. coordinator
human pose estimation ** 100 ms 100% Yolov8n-pose
arm motion generation 600 ms 30% Movelt 2
scene segmentation ** 150 ms 14% Yolov8n-seg
object pose estimation 400 ms 8% ICp

* Estimated average execution time based on fleet task allocation
** Both Al modules are accelerated with OpenVino on CPU

where LSPU denotes the maximal number of allocatable
CPU-cores on compute node n, i.e., its resource limit. The
result is a look-up table containing the (mean) execution
time fexe(m;,n;) and variance for each software module m;
in the software stack S depending on the assigned resource
usage U(m;,nj,CPU) on each node n; € €. This data serves
as prior model for our NSGA-II optimization algorithm to
calculate the individuals’ fitness (see Fig. 3). To get an
estimation of the modules’ cycle time including the commu-
nication latency, we measured the time necessary to transmit
messages of different size (e.g., camera image, LIDAR
scan, odometry, and robot state messages) between different
compute nodes depending on the type of communication
(WiFi, LAN, Ethernet to cloud.).

IV. EXPERIMENTS

To demonstrate our scheduling approach, we conducted
experiments with both, simulation and physical robots. As an
example application, we implemented a mobile manipulation
application in the Gazebo simulator [4] as shown in Fig. 4.
We build our implementation upon open source frameworks
and libraries that are widely used in robotics community.

The overall mobile manipulation task consists of mul-
tiple sub-tasks, namely autonomous navigation, collision-
free motion planning and trajectory generation for the robot
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Fig. 5. Container CPU usage in a task period without offloading, tested
on Dsv3-series with 6 available cores as onboard computer. During times,
where activation of sub-tasks overlap, multiple modules running in parallel
lead to performance degradation of all modules.

arm, scene segmentation, object pose estimation for grasping,
human pose estimation, which are integrated into eight indi-
vidual software containers (see Table II). For navigation, we
encapsulate the Nav2 [33] software stack in four individual
containers containing the NavFn global path planner, the
Model Predictive Path Integral (MPPI) controller, Simulta-
neous Localization and Mapping (SLAM) for localization
and periphery modules such as the lifecycle manager or
behaviour tree navigator. The arm motion module utilizes the
Transition-based Rapidly-exploring Random Trees (TRRT)
planner [34] to generate a collision-free path and the time
optimal trajectory generation algorithm [35] in Movelt2 [36]
to obtain the trajectory for the low-level arm controller. To
estimate the object pose, we use the Iterative Closest Point
(ICP) implementation in Open3D [37]. For perception, we
employ two pre-trained YOLO v8 models [38] to segment
the scene and estimate human pose. We chose the CPU
usage of the individual containers as well as the rate at
which each module misses its desired cycle time as metrics
to evaluate the deployment results. If a software module
exceeds the desired cycle time by any value, we count a cycle
time miss, i.e., we do not distinguish between near-misses
(e.g., some milliseconds) and severe misses (e.g., hundreds
of milliseconds or more).

We obtain the prior data, i.e., the input data for our
scheduling optimization approach, to model the resource
usage, execution times and latency by automatically running
tests on the available compute nodes in each cluster as
described in Sec. III-E. Fig. 3 shows the execution time on
two different virtual machine groups (Dvs3-series and Fvs2-
series) from the Azure Cloud under different available CPU
resources.

A. Single Robot: Offloading to Edge vs. Onboard Only

We consider a mobile manipulator application with a
single robot in simulation as a baseline use-case. As a first
experiment, we compare the deployment of all software
modules on one compute node with 6 available CPU-cores
(emulating an on-board node; note that 2 other cores are re-
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Fig. 6. Comparison of missed cycle time distribution: By offloading

multiple modules to the edge (one node with 16 core), the missed cycle time
rate is dramatically reduced. The safety-relevant module nav2 controller gets
more onboard resources. When offloading to an edge node with 32 cores,
the missing rates of all modules are close to 0.

served for monitoring containers and other system processes)
with one deployment, which offloads all software modules
except Nav2 components to one edge node with 16 CPU-
cores. Fig. 5 shows that the total CPU usage of the on-board
deployment whereas Fig. 6 depicts the distribution of missed
cycle times of the on-board and offloaded deployment over
the run-time of the application. We observe that the full on-
board deployment fully loads the onboard compute node to
capacity (Fig. 5), which leads to multiple software modules
missing their desired cycle times at much higher frequency
(Fig. 6a) compared to the offloaded deployment (Fig. 6b).

B. Multi-Robot: GA-based vs. K8s Default Scheme

To evaluate our optimization-based scheduling approach
in a more challenging use-case, we conduct a multi-robot
experiment with 5 robots and 6 edge compute nodes. To
simulate fleet behavior, we run multiple simulation instances
in parallel in the cloud and measured the total CPU uti-
lization of the nodes using node-exporter and Prometheus
[39] for evaluation. Fig. 7 compares the CPU utilization
of both deployments (default K8s and our approach) for
all edge compute nodes over the total run-time of one task
period. We already observe that our optimized deployment
distributes the workloads more evenly across the edge nodes
compared to the default deployment, which is expected ac-
cording to objective function F3 (Eq. 3), which aims to avoid
overloading compute nodes. To account for variations and
uncertainty in the measurements of a single run, we conduct
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Fig. 7. Edge node CPU utilization: Compared to one deployment using

K8s default scheduling scheme. The workload is more evenly distributed
across all edge nodes using our approach.
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Fig. 8. Comparison of missed cycle time rate of modules in the
entire fleet: K8s default scheme vs. GA-based vs. GA-based with container
resource allocation limits vs. GA-based considering the fleet task allocation.

this experiment 10 times for each deployment strategy and
evaluate the results for statistical significance.

Fig. 8 depicts the rate at which selected modules miss their
desired cycle time for the different deployment approaches:
(1) K8s default denotes the default K8s deployment scheme,
whereas (2) GA-based and its variants denote our approach.
(3) GA-based with limits additionally uses minimum con-
tainer resource requests and maximum limits to avoid over-
allocation whereas (4) GA-based with TA considers the fleet
task allocation, i.e., software modules are activated when
needed for a specific task. The first three approaches consider
task allocation to be unpredictable and activate all software
modules in parallel. The resource requests and limits used
in the third approach are not compatible with K8s default
scheme, because the values vary for different compute node
types in a heterogeneous cluster. Our approach consistently
reduces the missed cycle time rate for both, scene segmen-
tation and human pose estimation modules on average by at
least by 63 % without compromising the arm motion plan-
ning and grasp pose modules. Furthermore, the optimized
deployment is more consistent and shows less variance in
repeated experiments. Finally, combining application-specific
task allocation with our scheduling approach leads to the
lowest missed cycle time rate for all software modules.

70
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Human pose Scene segmentation

(a) Setup

(b) Result

Fig. 9. Experiment with 3 Turtlebots: Robots navigate autonomously in
the office and the front camera is used to detect the humans and perceive the
scene. Comparison of 3 random deployments using the K8s default scheme
(notated as default-1/2/3) and our approach as validation of experiments
conducted in simulation.

C. Real Robots with heterogeneous edge cluster

For the real-world experiments, we used a stripped-down
variant of the mobile manipulation task using three physical
Turtlebots (see Fig. 9a) each equipped with a Raspberry Pi
4 and a smaller compute cluster consisting of three edge
compute nodes, namely two equipped with 9th generation i9
CPU and one equipped with a 13th generation i9 CPU. This
results in different resource usage limits in the edge part of
the cluster to be considered by the optimization algorithm.
The robots are connected to the edge cluster via a single
access point (WiFi-6). The software stack is similar to the
simulated task described above (excluding software modules
for manipulation). Fig. 9b compares the rate of missed cycle
times of the human pose estimation and scene segmentation
software modules for deployments using our approach with
the default K8s scheduler (over 3 repetitions). Similar to the
experiments in simulation, our optimized deployment is more
consistent, shows less variance and reduces the missed cycle
time rate on average by at least by 80 %.

V. CONCLUSION

In this paper, we proposed a modeling and optimiza-
tion approach employing the multi-objective NSGA-II for
scheduling robotic workloads in a hybrid robot/edge/cloud
computing cluster. As a basis, we firstly introduced a taxon-
omy which allows deductions on the question which software
modules are suitable candidates for offloading to remote
compute nodes. Additionally, we used prior measurements
for application-specific parameters, here resource usage and
cycle time for each software module, as a model of the
cluster at hand as prior data for our optimization approach.
Finally, we demonstrated the usefulness and effectiveness
of our approach on a challenging mobile manipulation ap-
plication use case with multiple robots in simulation and
a slightly simplified variant with 3 physical robots. Our
approach delivered promising results, significantly and con-
sistently reducing the rate at which robotic software modules
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missed their desired cycle times compared to the K8s default
deployment scheme.

Although our approach showed promising results, there are
several options for future work. In this paper, we have used a
simplification related to the behavior of the communication
network, which could be further improved in favor of a
more accurate model. Furthermore, we aim to investigate
additional optimization objectives. For example, one could
consider the economic cost of each node and minimize the
total cost to find its most cost-effective subset of the cluster.
Finally, we will explore learning-based alternatives to the
genetic algorithm NSGA-II used in this paper to find an
optimal deployment.
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