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Non-profit, Non -university research
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Strengthening of Carinthia asan
R&D-hotspot

Actually ~25 researchersat
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Why swarms?

Latest study by loT Analytics*
A Projected for end of 2024: 18.8 billion
devices (13% growth).
A Forecast for 2030: Expected to reach 40
billion connected
devices.

The world Is transforming into
a truly interconnected and
collective realm!

* https:/iot -analytics.com/number -connected-iot-devices/
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The Swarm o An invisible force that is stronger as a
whole than the sum of its parts.
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https://www.youtube.com/watch?v=4cPZ2HC2QHg

Swarm Systems are effective !

o Robustness
Adaptivity a )
e Pr—t - m % vﬁ v
&= & R — ! e A
= e e - = e
o f
o —| ﬁm
Y
N b oo e e Scalability
N, Q; Q ﬁ Eﬂﬁ&n &Iﬁ@wﬁ =_ — e =
7 s P o - e [ .=
- = ' v = g ‘E‘"‘qwtﬂ' =

- Swarm Intelligence in Cyber-Physical Systems CPS Summer School 2025
Lakeside Labs gence in Cyber-Physical Sy .

SELF-ORGANIZING NETWORKED SYSTEMS



Swarms in a Nutshell

AMany similar members
ANo central control
ALocal rules & knowledge
ALocal direct/indirect communication
AAdvantages:

Adaptability p Robustness - Scalability

System function arises automatically from local rules
emergerice
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Motivation for Swarm Intelligence
Increasing interconnectivity of technical, social and socio-technical systems

like, e.g.,

| @v’* &

1 *

Smart Mobility Networked Robots

Internet of Things

Leads to a massive increase of complexity in terms of development and
operation of such systems
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Agent Collaboration and
Self-Organization in CPS

The collective knows It better!

AAutonomy and Emergence in the Workload Placement Q’!
y g . n--&m

Seek for Food in a Good Quality in the System

ACollaborative Decision Making - Locally

\/ Efficiently allocate workloads to nodes,

\/ Adapt to changing workloads and resource abilities,
V' Optimize processing,

V' Optimize latency, and resource utilization.
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Agent Collaboration and
Self-Organization in CPS

The collective knows It better! E R ?
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V Micro and macro level
V Emergence

V Feedback

V Communication

V Superlinearity
V Exploration vs Exploitation Schranz, M., Di Caro, G. A., Schmickl, T., EImenreich, W., Arvin,
P P F.keker ¢A,&]Sénde, M. (2021). Swarm intelligence and

cyber-physical systems: concepts, challenges and future
trends. Swarm and Evolutionary Computation, 60, 100762.
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M |Cr() and MaCI’O Levels Jdeed, M., Schranz, M., & Elmenreich, W. (2020). A study

using the low-cost swarm robotics platform spiderino in
education. Computers and Education Open, 1, 100017.

Micro -level:

eachagent hasits

A own local state space

A local behavior

A Eachagentis explicitly represented
Macro -level:

A global state of interest

A how this state changesover time

A Detailed knowledge is also not arequirement

lImportant ! Model the level of abstraction
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Superlinearity

M. Schranz, G. A. Di Caro, T. Schmickl,
A. SekerciogluM. Rappaport F.
Arvin,andW. ElmenreichSwarm
Intelligenceand CyberPhysical
SystemsConceptsChallengesnd
Future TrendsSwarmand
EvolutionaryComputation Elsevier

vol. 60, 2021. <2nge of the swarm effect
Number or density of swarm members
La kes i d e La bs Swarm Intelligence in Cyber-Physical Systems CPS Summer School 2025

Super-linear characteristicsshows that the
effect of the overall systemis higher than the sum of the
effects of its individual parts

(@
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é maximum total

f swarm performance

: ) » Question still open:

: what is the optimal size
. of a swarm?

Answer coming soon ;)
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Agent -Based Modeling p
when to use

0 Reasonable number : Is accompanied by a reasonable number of other

swarm members in the system
0 Abstraction: Exhibits an appropriate level of abstraction for modeling
O Interaction: Can detect and respond to information from the local
neighborhood and environment

0 Explainabllity : Is plausible and understandable, fostering trust during the

modeling process for the proposed solution

- Swarm Intelligence in Cyber-Physical Systems CPS Summer School 2025 02.02.
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The considered Edge -Continuum

2-Level Hierarchy
Inter and intra cluster

Intra Cluster Agent -based
Modelling

Pods [demand agents].

submits to master agent and
wait in master queue to be
served by the resource agents
OR selects by itself
Resources [resource agents]:
created on demand out of the
resource pool of all resource

units, i.e., CPU, Mem and GPU
units

M. Schranz, K.Harshina, P.Forgacs andF. Buining, Agent-basedModeling in the Edge Continuum using Swarm Intelligence, ADAPTIVE, Rome, 2024.
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Cluster of spatially distributed MDC

Single MDC
o-located MDC and scheduler

o -
Master (cluster
head)

https:/personales.upv.es/thinkmind/dl/conferences/adaptive/adaptive 2024/adaptive 2024 1 10 50002.pdf
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{ Fundamentals }

Adaptive and self-learning distribution
algorithms

A Novel Dynamic and ShapelessSwarm
A Combining fixed andtemporary swarm
agents

Intermittant Nodes

A Supply driven energy distribution
A Predict and Manage energy availability

L

A  Prioritize Energy Resources 50
A Distribute to exceedminimal client & 8 Tm" [
. {©
expectations i
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JOANNEUM \
RESEARCH )
ROBOTICS /

Facts:

A Call: H2020-ICT-2019-2
A Project ID: 871260
A Duration: 48 months
A Budget: 8, 9909
A Started: 01/2020

Automated ship inspection and cleaning
using teamsof UAVS, underwater robots

and magnetic crawlers. gl @
@t]nwersﬂat INSA = 1Ungyg(51tat Trlerﬂ@hm S}" TAR BULK . 'f‘““ U;J' Lakeside Labs

DR B_N_TNU . ‘ROBOPLANET Trondheim =~ Havn In EXtenso WM@ APDLﬁA EE!!EEE" %9&%@?\1%531
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Bugwright2: Lakeside Labs Mission

A Swarm of drones to search defects with low resolution at large distance

A On defect detection, go closer to inspect with high resolution
A Ship hull is mapped on a depth grid

A Drones fly at two distances to execute the mission (2.5D space)

Level 1 P. Grippa, A. Renzaglia, A. Rochebois, M. Schranz and O. Simonin,

Level 2 "Inspection of Ship Hulls with Multiple UAVs: Exploiting Prior Information
for Online Path Planning," 2022 IEEE/RSJ International Conference on
Intelligent Robots and Systems (IROS), Kyoto, Japan, 2022, pp. 13777-
13784, doi: 10.1109/IROS47612.2022.9981357.

- Swarm Intelligence in Cyber-Physical Systems CPS Summer School 2025
Lakeside Labs gence in Cyber-Physical Sy -

SELF-ORGANIZING NETWORKED SYSTEMS



MCUAS

Military Counter Unmanned Aerial Systems-
Methods and processesto detect, verify and

repel aswarm of attacking drones

Andy Plib®grapy
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A Call: FFG FORTE, Call 2018
A Project ID: 873514

A Project Start: November 2019
A Duration: 24 months

A Start: 11/2019

ATotal Budget:
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Modeling of the Problem

Swarm of attacking UAVs X
xw @
CLzGA,Z:ljjI xxzxx . Target
Swarm of defending UAVs XX —;tt‘;“

dieD,j=1,...,J with J <1
Target M Is static with position M = [Ty, Y]

Fitnessfunction of the defenders  ¢,.(p;,m) = q(p;,m) — ¢, p € R

dim p;

With a(pj,m) =Y (pj —m)’

J
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Two algorithms and variants é

Grey Wolf Optimizer

C.Muro etal., 2011

é 7 - - Q ,A 3 -

Experi\m;ﬁnts (Nith :

A GWOvs GWO

A SMvs SM

A SM/GWO vs ML agents

Lakeside Labs

SELF-ORGANIZING NETWORKED SYSTEMS

Slime I\/Iold
. Mould
network
Tokyo
network

Nat Geographics

Simonjan, J., Probst, S. R., & Schranz, M. (2022, July). Inducing defenders to
mislead an attacking uav swarm. In 2022 IEEE 42nd International Conference
on Distributed Computing Systems Workshops (ICDCSW) (pp. 278-283). IEEE.

Schranz, M., Probst, S., & EImenreich, W. Machine Learning-Based
Countermeasures to Mislead Hostile Swarm Missions. Available at SSRN

4644200.

Swarm Intelligence in Cyber-Physical Systems CPS Summer School 2025
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Selected results

GWOvs GWO
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Optimization of production plants with
swarm intelligence
IBOTTOM -UP!

Higrr]])product diversity (~1.500 products in ~300 processing step
eac

Historical growth of the production plant

Linear optimization methods can only be used on a subset of the
plant

Do o I»  I»

Bottlenecks, loops cannot be prevented Y generation of WIP waves

SO FAR: no optimal solution can be generated in polynomial time!

FFG - o~ __
v Lakesidelabs  cinfineon  [llarrevenne  uw ? W
Il:-. EOCHFUET | WICH GRAY m
: . Messfeld
- Swarm Intelligence in Cyber-Physical Systems CPS Summer School 2025
Lakeside Labs gence in Cyber-Physical Sy

27

SELF-ORGANIZING NETWORKED SYSTEMS



Swarm Intelligence Library at LSL (excl. variants)

Slime Mold
Algorithm

Hormone Algo.rithm Bat Algorithm

Flocking Algorithm

Ant Algorithm

- Swarm Intelligence in Cyber-Physical Systems CPS Summer School 2025
Lakeside Labs gence in Cyber-Physical Sy %

SELF-ORGANIZING NETWORKED SYSTEMS



Hormone Simulation Results

Parameter sets for the Simulation:

Parameter SFAB MEDIUM  LFAB
Mach. types 25 50 100

Mach. /type  U(2,5) U(2,10) U(2,10)
Product types 50 50 100
Recipe length  U(90,110) U(90,110) U(90,110)
Lots pertype  U(1,10) U(1,10) U(2,10)

Simulation results of the SFAB
Setting:

Baseline Hormone Change Ant  Change

Flow factor 6.51 5.84 10.12% 6.67 -2.31%
Tardiness 6971.1 6077.2 12.56% 7157.6 -2.68%
Uptime Utilization 3590  34.49 4.40% 36.114 -0.59%%

Lakeside Labs

SELF-ORGANIZING NETWORKED SYSTEMS

Swarm Intelligence in Cyber-Physical Systems

Youssefi, K. A., Gojkovic, M., & Schranz, M. (2024).
Artificial Bee Colony Algorithm: Bottom-Up Variants
for the Job-Shop Scheduling Problem.

W. Elmenreich, A. Schnabl, M. Schranz, oA
Hormone-based Algorithm for Production Scheduling
from the Bottom-up, 06 | CAZ0RP021.29 6
M. Umlauft, M. Schranz, W. El menr

Swarm Intelligence for Flexible Jolb Shop Scheduling

with SwarmFabSim Case Studies with Artificial

Hor mones and an Ant Al gori th
2023.

Umlauft, M., & Schranz, M. (2025). Flocking Behavior:
An Innovative Inspiration for the Optimization of
Production Plants. arXiv preprint arXiv:2508.19963.

CPS Summer School 2025
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Exploring Results of Bottom -Up Swarm Intelligence
ABC

—— Baseline

—— ABC Variant 1 Lots Flow Factor distribution
ABC Variant 2
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Improvement -82% 29%

- Swarm Intelligence in Cyber-Physical Systems CPS Summer School 2025
Lakeside Labs gence in Cyber-Physical Sy

SELF-ORGANIZING NETWORKED SYSTEMS



e 3
¢ a
Q ‘)
| »
e ’
4 v /,
.
. o~ -A" it

- Swarm Intelligence in Cyber-Physical Systems CPS Summer School 2025
Lakeside Labs gence in Cyber-Physical Sy -

SELF-ORGANIZING NETWORKED SYSTEMS



Projects In the Edge (Cloud) Continuum

N) ACES S @

GLACIATION MYRTUS

Multi -layer 360° dYnamic
orchestrion and

. " “GreenresponsiblLe interopeRable design
Autopoletic Cognitive PrivACy preserving dAta environmenT for compute -
Edge-cloud Services operaTIONs continuum Systems
Our task: Agent-based
Our task: self-organized Our task: Search engine modeling and engineering of
WL scheduler on the and data allocation In swarm intelligence for the
level of inter and intra distributed knowledge edge-fog-cloud continuum
Edge-Microdatacenter gralﬁhs using swarm and how it can contribute to
intelligence federated strategies
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The considered Edge -Continuum.

AAgent -Modelling (intra
cluster:

1. : submits

to master agent and wait in

master queue to be served by

the supply agents (worker)

manage the resource pool of
all resource units, i.e., CPU,
Mem and GPU units

Challenges

A Pool of resources

A Application Types

A Relationships among pods

Prefer dista'ﬁi"n...n"[.:c
Self-organized erer

z@i
@6 ¢

/

o

/
Q Q‘ \ Migrated to /'

Cluster of spatially distributed MDC

Single MDC
o-located MDC and scheduler

Master (cluster
head)

M. Schranz, K.Harshina, P.Forgacs andF. Buining, Agent-basedModeling in the Edge Continuum using Swarm Intelligence, ADAPTIVE, Rome, 2024.
https:/personales.upv.es/thinkmind/dl/conferences/adaptive/adaptive _2024/adaptive_2024 1 10 50002.pdf

Lakeside LaBsiuing
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ACES- Main Features of the
Emergent Scheduler.

AAgent-based modelling!

Pods and Resources are agents, they can
act!

Interact!

decide!

AScheduling of pods in resource pools emerges
from the bottom -up In realtime

AThis leads to: Adaptability p Robustness- Scalability

Result: Autopoietic Resource Allocation

- Swarm Intelligence in Cyber-Physical Systems CPS Summer School 2025
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Results.

Improve the resource H T random i T = andomrigia
utilization — botomup - Ezi*t‘-’m”‘g-“’
and satisfaction rate by ~ °*] Y B
exploiting the slack § : e
resources. = ;
% 0.4- E % il
0.2 - A"E 0.2
0'0(;.0 0.2 0.4 : 0.6 0.8 1.0 0'00—.0 0.2 0.4 0.6 0.8 1.0

Ghasemi, A., & Schranz, M. (2024, August). Bottom-Up Resource Orches’%ration in Edge Computing: An Agent-Based ModelingAApproach. In 2024
IEEE 12th International Conference on Intelligent Systems (I1S) (pp. 1-7). IEEE.

Hayat, S., Schranz, M., & Cannelli, L. (2025, May). Neural Network-Enhanced Self-Organization for Efficient Resource Allocation in Distributed Edge
Computing Environments. In 2025 IEEE 9th International Conference on Fog and Edge Computing (ICFEC) (pp. 27-31). IEEE.
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Wu, K., Ghasemi, A., & Schranz, M. (2024, December). Swarm

MYRTUS OrCheStratlon Of the Intelligence-Based Algorithm for Workload Placement in Edge-Fog-

Cloud Continuum. In 17th International Conference on Agents and

Edge' Fog = CIOUd CO n'“ nuum Artificial Intelligence (pp. In-Press).

Resource /Agents (MIRTO Agents):
A Numbers of nodes on each MIREAyd fog/ cloud agent

(edge: loT,; fog: MDC; cloud: server). Cloud
A CPU and memory (MEM) resource pool to supply the

demands MFin:i)is EMDCs EMDCs
A Intra-layer and intedlayerconnections HEEE— A =& a8 Fog

A Pheromone update.

Demand Agents (Pods):

ASpecific demands for CPU/MEM.
AArriving in the continuum and starting from the edge layer.
ACan move between each agent with connection.
ARelease pheromone.

- Swarm Intelligence in Cyber-Physical Systems CPS Summer School 2025
Lakeside Labs gence in Cyber-Physical Sy -

SELF-ORGANIZING NETWORKED SYSTEMS




Methodology
How do pods move if there are not enough available

resources on the current MIRTO agent?

Random: Pods select the MIRTO agentandom/y from 93

MCA v MCA v;

the neighbors. o el [oeen Basslline algofithm
Random
MEA v3 «Ra;(:r: g
Greedy: Pods select the MIRTO agent with the
maximum pheromone value from the neighbors. Q ;@{
L Tt P Bassline Atgoiithm
Greedy
Ant colony optimization (ACO): Pods select the MIRTO
agent from the neighbors with the probability C< R
romP Sl algorithm
J '
| p.;’ — )
LakESIde Labs Swarm Intell Zvjeﬂ\& T?ﬂg . e_025 37
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: : Varzonova, N., & Schranz, M. (2025). COSMOS: A Simulation Framework
SlmUIathn R@SUltS for Swarm-Based Orchestration in the Edge-Fog-Cloud Continuum.

Dependency-on-Fog/Cloud (DF/DC): How many pods move itoitheffog/cloud layer?

Q0 e
DF — ,&-,_If,e-, DO — k] e
Q Q
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Glaciation 0 Ant Colony Optimization
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O. Chepizhko, P.Forgacs M.
Schranz,Ant-Search Algorithm
for Distributed Knowledge
Graphs, ANTS Conference
2024, Konstanz, DE.
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Hit rate as function of query frequency

Hit rate Dvs query frequency afor different values of evaporation rate Land
number of matching nodes / . Total number of nodes 0 L sw.r
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