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EXECUTIVE SUMMARY

The SmartEdge project delivers a validatethovative,end-to-end framework for semantidriven

edge intelligence, enabling the design, deployment, and orchestration of distributed applications
across heterogeneous edgeoud environments. The solution integrates semantic modelling,
dynamic swarm networking, n@ lowcode programming paradigms to address the increasing
complexity of datantensive, latencycritical applications in domains such as automotive,
manufacturing, and healthcare.

SmartEdge introduces a semantic abstraction layer based on knowledge graphs (KGs) that unifies
heterogeneous data sources, device capabilities, and network conditions into a madereetable
representation. This enables domain experts to define sysbaimaviour declaratively, while the
platform automatically translates higlevel intents into optimized distributed execution workflows.

This paradigm significantly reduces development complexity and enhances adaptability in dynamic
environments.

The architecture is structured around three main technological pillars:

9 Continuous Semantic Integration (WP3):
Provides mechanisms to transform multimodal sensor data (e.g., LIDAR, video, I0oT streams)
into semantically enriched representations using RDF and standardized ontoldbiss.
guarantees interoperability, contextual awareness, and consistent data fusion across
distributed components.

1 Dynamic Swarm Networking (WP4):
Enables the autonomous formation and orchestration of device swarms across edge
infrastructures. The solution incorporates programmable networkingyeitwork processing,
and where possible alsbardware acceleration (e.g., DPUs, FPGAS) to achievatemcy
communication, scalable coordination, and binitsecurity mechanisms, including anomaly
detection and traffic isolation.

1 Lowcode Programming Tools for Edge Intelligence (WP5):
Introduces a semantic lowode toolchain and runtime environment that allows developers
to define distributed applications using declarative models. The system automatically handles
task orchestration, resource allocation, and execution optimization acdge and cloud
resources, achieving significant improvements in latency, scalability, and resource efficiency.

TheinnovativeSmartEdge solution has been validated through six industrial use cases spanning three
major domains:(i) intelligent transportation systems (ADAS testing and V2X communicaign),
smart manufacturing (robotics, anomaly detection, and production interoperability),(gihaligital

health (personal virtual assistants and rehabilitation systems)

 UCI1¢ Smart Vehicle Test Case Generation for ADAS
This use case addresses the scalability and complexity of validating advancedssis&nce
systems (ADAS). SmartEdge enables the transformation of heterogeneous sensor data (e.g.,
LiDAR, video, geospatial data) into semantic representations of tsaffizes, which are used
to automatically generate structured and replayable test scenarios. The system leverages
edge swarms of sensing and processing nodes to collect, synchronize, and enrich distributed
data, enabling largscale scenario generation withigh realism. This approach improves
coverage of rare and safetyitical edge cases while significantly reducing testing time and
cost.



UC2¢ Smart Vehicldo-Infrastructure

UC2demonstrates SmartEdge in vehitteinfrastructure (V2X) environments, enabling real
time data exchange between vehicles and roadside units. The platform supports dynamic
swarms of vehicles and infrastructure nodes, where data is processed and fusedeaige

to provide lowlatency situational awareness. Semantic interoperability ensures consistent
interpretation of events across heterogeneous systems, while swarm coordination enables
cooperative decisioimaking and improved traffic safety. The sabmt reduces
communication overhead and enhances responsiveness in complex urban scenarios.

UC3¢ Smart Factory Mobile Robotics

This use case validates SmartEdge in the context of industrial mobile robotics, where fleets of
autonomous robots operate in dynamic production environments. The system enables
swarmbased coordination of robots, allowing them to share data, distributkgaand adapt

to changing conditions in real time. Edge processing supportsaimncy decisiormaking,

while semantic models enable consistent interpretation of operational context across devices.
The result is improved efficiency, flexibility, and rotmess in automated manufacturing
workflows.

UC4¢ Smart Factory: Lowode Edge Intelligence

UC4focuses on the application of semantic lmade programming tools to industrial edge
environments. SmartEdge enables the orchestration of heterogeneous device swarms,
including machines, sensors, and control systems, through declarative workflows. The
platform supports reatime data analytics, interoperability across different standards, and
dynamic adaptation of production processes. This significantly reduces development effort
while enabling flexible and scalable deployment of edge intelligenceimufacturing.

UC5Ac Smart Healthcare with Personal Virtual Assistants

This use case applies SmartEdge to personalized healthcare services, focusing on virtual
assistants that interact with users in real time. The system relies on distributed swarms of
edge devices and services to process multimodal user data locally, enfwiatency and
privacy preservation. Semantic integration enables congaxaire assistance, while swarm
coordination supports the seamless interaction of multiple components, including sensors,
user interfaces, and backend services.

UC5R; Smart Health Rehabilitation

This use case addresses digital rehabilitation services, where patient monitoring and feedback
must be delivered in real time. SmartEdge enables coordinated swarms of sensing and
processing nodes to track patient activity and generate adaptive feedbaek lmssemantic
interpretation of movement and health data. The system supports personalized therapy,
continuous monitoring, and improved responsiveness, enhancing both the effectiveness and
scalability of rehabilitation processes.
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1. INTRODUCTION
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architectural concepts, functional requirements, and enabling technologies are validated. The use
cases were originally defined in the project proposal and fos®dliin D2.2 Final Definition of
Requirements, Architecture, and Demo Plans. Their implementation status and technical progress are
documented in D6.1 Lab Validated SmartEdge 1.0 Solution, while exploitation plans and innovation
pathways are detailed in MS¥4 Exploitation Results.

The use cases collectively demonstrate how the SmartEdge tooichamprising semantic
modelling, continuous semantic integration, dynamic swarm networking, anetme programming
supportt operates across heterogeneous mobility, industrial, and healthclmmains. Notably,
during the course of the project, the originally planned UC5 was divided into UC5A and UC5B,
reflecting the need for two distinct validation paths within the healthcare domain.

UC1¢ ADAS Semantic Testing and Scenario Generation

UC1 validates SmartEdge in the context of advanced dasgistance systems (ADAS), where rigorous

and comprehensive testing procedures are essential. The use case concerns the semantic enrichment
of traffic scenes and the automated generation of struetirtest scenarios derived from
heterogeneous sensory inputs, including video, LIDAR, and geospatial data.

The SmartEdge semantic models, DataOps pipelines, and streaming artefacts enable the
transformation of raw sensory data into machiimgerpretable graph representations that can
incorporate external knowledge sources such as traffic regulations and ciomstpecifications. As
demonstrated in D6.1, the project has implemented core capabilities for object recognition, spatial
relation extraction, and redime semantic data streaming. In parallel, the remotadering
component enables the generation of tual traffic scenes from geodata, supporting scalable and
repeatable testcase synthesis.

'/ m GKSNBoe GFrftARFGSa {YINI9R3ISQa loAfAle G2 NB
improve semantic completeness, and support the automated derivation of complex driving scenarios.

UC2¢ Smart City: 12V/V2I Intelligence Swarm

'/ H AY@SaiGA3IrGSa {YFENI9R3ISQaA FLILX AOFoAfAGE 6AGK,
signalised intersections where low latency, safety, and interoperability are critical. The use case
implements a distributed intelligence swarm formey tehicles, roadside units, and infrastructure

Sensors.

A key demonstration scenario defined in D2.2 is active optimme management, which aims to
reduce rearend collision risks by dynamically optimising the termination of the green signal phase.
SmartEdge components facilitate semantic enrichment of infeastire-basedmultimodal sensors
(includes camera, radar, loop etaynamic swarm formation, and privapyeserving, resource
efficient vehicleinfrastructure communication.

D6.1 reports successful integration of multiple SmartEdge artefacts supporting semantic data
exchange and coordination logic. Furthermore, MS7.3 identifies significant exploitation potential for
the Intelligent Roadside Unit developed for UC2, which inm@iges hardware acceleration and multi
sensor fusion aligned with realorld ITS requirements.



UC3¢ Smart Factory with Autonomous Mobile Robots (AMRS)

UC3 demonstrates SmartEdge in a highly dynamic industrial environment where fleets of Autonomous
Mobile Robots (AMRs) must collaborate to fulfil matehahdling and productiosupport tasks. The

use case focuses on cooperative navigation, obstacle mamawgfe and semantic perception based

on shared spatial maps and distributed sensing.

The SmartEdge swarmetworking functions, semantic data models, and runtime services allow AMRs

and fixed ceilingnounted sensors to exchange contextual information and execute coordinated
behaviour. D6.1 confirms successful validation of initial semdeticeintegration mechanisms, low

code configuration workflows, and early prototypes for automated obstruction detection.
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effort, enable autonomous muHiobot cooperation, and adapt to rapidly changing factory layouts. As
described in MS7.3, a field deployment is planned ain operational manufacturing facility,
underscoring the exploitation potential of this use case.

UC4¢ LowCode Edge Intelligence Demonstrator (Siemens Production Line)

'/ n S@It dz (Sa -cdde progiamriirg Saasenfa@idchestration capabilities in a
modular productionline environment. The use case integrates PLCs, NPUs, cameras, conveyors, and
IoT devices into a unified semantic framework through which datasland application logic can be
specified using higlevel Recipes.

The semantic Recipg&hing Description matching mechanism provides automated discovery and
configuration of devices, while the Menedbpased lowcode toolchain enables neexpert users to
deploy and adapt edgimtelligence workflows. D6.1 documents partiaingpletion of this capability

and validation of lowcode configuration across several device types, demonstrating meaningful
reductions in engineering effort.

'/ n GKdza &aSN®BSa Ia I (1Se S@glfdad dAaz2y aOSyl NR2 7Tz
particularly in industrial settings where reconfigurability and vendgnostic integration are
essential.

UC5Ac Smart Health: Individual Health Monitoring with Personal Virtual Assistants

UC5A demonstrates how SmartEdge can address one of Europe's most pressing societal challenges:
the growing demand for scalable, intelligent care for an ageing population. InTlemg Care

Facilities (LTCF), where caregiver shortages are acute and edyiale of health deterioration is

critical, UC5A shows that a swarm of wearable devices, environmental sensors, and Personal Virtual
Assistant (PVA) digital twins can continuously monitor residents' health and living conditions
automatically, in near reaime, and without centralised data collection.

Each resident's PVA maintains a live digital health twin; collectively they form a Group Virtual Assistant
capable of detecting facilitwide risks such as environmental hazards or early signs of disease spread.
The final demonstration validated this artdgture at scale across hundreds of emulated devices,
confirming that all healttdomain KPIs covering semantic integration performance, personalised

2



anomaly detection accuracy, data transmission reliability, and group condition detection were met or
exceeded.

UCS5A establishes that SmartEdge's -tamde, semanticslriven toolchain is directly applicable to
healthcare settings where privacy, reliability, and fiiale responsiveness are naregotiable. For
care facilities across Europe, this translates into eadlaical intervention, reduced burden on
caregivers, and a technically validated path toward deploying intelligent health monitoring at the point
of care.

UCS5R; Smart Health: Group Condition Monitoring and Coordinated Activity Assessment

UC5B extends the Smart Health domain to grayel scenarios, such as collective exercise sessions
2NJ O22NRAYI GSR Y2yAG2NAy3 GFala Ay [¢/ Cad ¢KS
multi-node sensor fusion, cooperative analytics, andritisted feedback generation.
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automatic generation of coordination logic and facilitate dynamic swarm formation during group
activities. According to the progress documented in D6.1, foundaltimraponents for multresident
monitoring, including sensantegration pipelines and feedback loops, have been implemented.

UCS5B further assesses SmartEdge through comparisons with bhsuparnvised baselines, thereby
demonstrating its potential to enhance physiotheragssipported activity guidance and ensure safe,
scalable, groupevel monitoring.

Consolidated Role of Use Cases in SmartEdge Validation

Across UC1 through UC5B, the use cases collectively validate the architectural and functional elements
defined in D2.2 and provide empirical evidence of the maturity reached in SmartEdge 1.0 and 2.0.
¢tKSe OSNATeEe (GKS &aeaidSyQ ateropedabilityd sugportiadaptivelsivafmil | A y
coordination, reduce systerviategration effort, and deliver distributed intelligence close to where

data is generated.

The diversity of domainsautomotive, urban mobility, manufacturing, and healthcarensures that
SmartEdge is evaluated under a broad range of operational conditions. The integration and KPI
oriented assessments reported in D6.1, combined with the exploiigiathways identified in MS7.3,
confirm the technical robustness and cresector applicability of the SmartEdge solution as presented

in this deliverable.

Overall innovation

SmartEdge was not conceived as a monolithic platform or a fixed architecture to be deployed
identically across all domains. Instead, it provides a toolbox of interoperable semantic,
networking, orchestration, security and edglgelligence artefacts thatan be selectively
combined according to the requirements of each application scenario. Consequently, the
objective of the final validation was not simply to demonstrate individuatcase
functionality, but to demonstrate how different combinations of rfdge artefacts can
address diverse operational requirements while preserving interoperability, scalability, security
and lowcode programmability.

dz



The use cases therefore acted as validation environments for different subsets of SmartEdge
technologies. Each pilot selected and integrated the artefacts that were most relevant to its
requirements, allowing the consortium to evaluate not only despaitfic outcomes but also

the effectiveness, flexibility and reusability of the SmartEdge technology stack across
heterogeneous application domains.

An example is provided by the Continuous Semantic Integration (CSI) framework and the
associated semantic artefacts developed in WP3. Rather than relying on-dpediiic data
models and custom integration logic, SmartEdge introduced a common semantiatecer

on RDF knowledge representations, standardized semantic interfaces, Web of Things (WoT)
descriptions, Knowledge Graph repositories and Semantic Recipes. These artefacts enable
heterogeneous physical devices, software services and data soarqess®their capabilities
through machinénterpretable semantic descriptions, independently of the underlying
communication protocols, hardware platforms or application domaims.same semantic
framework was reused across manufacturing, mobility and healthcare scenarios. In
manufacturing environments, semantic models were used to describe robots, production
equipment, sensors and operational processes. In mobility scenarisajitbeanechanisms
represented cameras, roadside units, LIDAR systems antt-trefhagement services. In
healthcare deployments, physiological sensors, patemnitoring services and digital
assistant components were integrated throidgintical semantic abstractions. Despite the
substantial differences between these domains, all assets were represented using the same
semantic concepts and stored within the same Knowledge Graph infrastructies
innovation was the introduction of Semantic Recipes, which provide a declarative description
of application requirements, expected dajides and orchestration constraints. Instead of
hardcoding devicespecific integrations, applications specify the functionality they require,
while the CSI framework automatically identifies compatible devices and services through
semantic matching mbeanisms. This enables late binding between application requirements
and available resources, significantly reducing integration effort and increasing portability
across deployment environment$sie Knowledge Graph Repository further acts as a common
contexual information layer, maintaining semantic descriptions of devices, services,
capabilities and relationships among them. This allows orchestration components to perform
reasoning over the available resources and dynamically discover suitable assgitmat As

a result, the same orchestration mechanisms can operate across fundamentally different
environments without requiring domaspecific modifications.Consequently, SmartEdge
demonstrated that semantic interoperability can be treated as a retesbielogical
capability rather than as a usasespecific engineering effort. Instead of developing separate
integration solutions for each pilot, the project validated that a common set of semantic
artefacts can support heterogeneous devices, sengbisofiware services across multiple
domains while preserving a uniform orchestration and execution model.

Anotherexample is provided by the leeode orchestration environment developed in WP5.
Rather than treating application development as the implementation of dgpeaific
software components tightly coupled to particular devices, communication protocols or
execution platforms, SmartEdge introduced a semantic-dode execution model that
separates application intent from deployment and execution contém$SmartEdge Low

Code IDE allows developers to describe application behaviour through declarative Semantic
Recipes and higlevel processing constructs. These specifications capture functional
requirements, data dependencies, QoS constraints and orchestration policies without requiring
explicit knowledge of the underlying hardware and software infrastructime.resulting



application descriptions are transformed into macpimeessable execution graphs that
represent data flows, processing operators, communication patterns and deployment
dependencies across the devengé cloud continuumThe SmartEdge Runtime Engine then
performs semantic resolution, resource discovery and deployment planning by matching
application requirements against available capabilities exposed through the CSI framework.
This latebinding mechanism allows the sameplgation specification to be dkigyed on
different combinations of sensors, edge devices, cloud resources and networking
infrastructures without requiring application redesign. Device heterogeneity is therefore
abstracted from the application developer and handled automatically bgllestoation layer.
Anotherkey innovation is the Runtime Optimizer, which translates the-leiggl execution

graph into optimized deployment plans and can dynamically decide where individual operators
should be executed. Processing stages may be assign€PUs, GPUs, SmartNICs,
programmable switches or FP@®ased accelerators according to resource availability, latency
constraints and workload characteristics. Internally, workflows are represented as Directed
Acyclic Graphs (DAGS), enabling gragdvel gotimization, operator fusion, execution
reordering, resoureaware scheduling and hardwaware placement strategie3his
architecture was validated across multiple application domains with substantially different
requirements. Industrial monitoring acollaborative robotics scenarios required deterministic
execution and distributed coordination of heterogeneous edge devices. Mobility applications
required lowlatency stream processing, sensor fusion and dynamic adaptation to changing
network conditions. Healthcare scenarios required privamgserving execution and
integration of heterogeneous physiological sensors and eligisgdtant services. Despite these
differences, the same Runtime Engine, Runtime Optimizer, Semantic Recipes and
orchestration fraework were reused without modifying the underlying programming model.
The resulting separation between application intent, orchestration logic and execution
infrastructure constitutes one of the main research novelties of SmartEdge. Instead of
developing dedicated software stacks for each domain, the project demonsttateohtrdie

driven orchestration, gragiased workflow optimization and leaode programming can
provide a reusable execution framework across heterogeneous environments. This approach
reduced application configuration and integration effort by up tOa.

2. TECHNOLOGICAL BACKGROUND

2.1. ABOUTTECHNOLOGIESED IISVAREDGE

The SmartEdge platform integrates a diverse set of advanced technologies to enable seimaeric
low-code edge intelligence across heterogeneous d&@dge;cloud environments. These
technologies span multiple layers, including semantic data integratibkbased perception,
distributed systems, networking, and orchestration. Together, they form a cohesive toolchain that
supports the full lifecycle of intelligent edge applications.

Semantic Technologies and Knowledge Representatidncore pillar of SmartEdge is the use of
Semantic Web technologies to ensure interoperability across heterogeneous devices and data
sources. The platform relies on standardized data models and ontologies, enabling machine
interpretable descriptions of dewes, capabilities, and application logic. Continuous Semantic



Integration (CSI) provides unified access to data through standardized interfaces and semantic
annotations, facilitating integration across different protocols and formats.

Key technologies include:

1 RDF, SPARQL, and SHACL for semantimdde&ling and querying

1 Knowledge Graphs (KG) for storing and managing contextual knowledge

T W3C Web of Things (WoT) and OPC UA for standardized device descriptions and
interoperability

These technologies enable semantic discovery of device capabilities and automated matching of
application requirements with available resources.

DataOps and Semantic Data Processii8martEdge employs DataOps pipelines to process and
integrate heterogeneous data streams. Data from sensors and devices is transformed into a unified
semantic representation (e.g., RDF streams), allowing seamless fusion and downstream processing.

The DataOps toolbox supports:

9 Declarative pipeline specification and deployment
1 Transformation of heterogeneous data into unified semantic formats
1 Reusable and modular pipeline components for edge and cloud environments

This approach ensures scalability, interoperability, and efficient handling of multimodal data across
distributed environments.

Artificial Intelligence and Edge Analyticgirtificial Intelligence (Al) and Machine Learning (ML)
technologies are central to SmartEdge, particularly for eoased perception and analytics.
Components such as Visual Scene Understanding (VSU) process raw sensor data (e.g., video and
LiDAR) locallyand convert it into structured semantic representations, reducing bandwidth
requirements and enabling redime decisionmaking.

Alrelated technologies include:

1 Deep learning models for object detection and scene understanding
1 Multimodal data fusion for combining sensor inputs

9 Distributed inference across edge nodes

1 Semantic enrichment of Al outputs for downstream reasoning

By performing computation at the edge, SmartEdge minimizes latency and reduces reliance on
centralized processing.

Low-Code Programming and Declarative TechnologieSmartEdge introduces a lewode
programming paradigm that simplifies the development of distributed edge applications. This is
achieved through declarative programming models and dorspircific languages (DSLs), allowing
domain experts to define applicath logic without deep programming expertise.

Key elements include:

Semantic DSLs and Recipes to describe application workflows
LowCode IDE and Mendbased toolchain for visual application design
Declarative configuration of pipelines and workflows

Dynamic Knowledge Graphs to link application logic with runtime context
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This abstraction reduces development complexity and enables rapid prototyping and deployment of
edge intelligence applications.

Swarm Intelligence and Distributed OrchestrationrSmartEdge leverages swarm intelligence
principles to enable dynamic collaboration among distributed nodes. Applications are executed across
multiple edge devices that form adaptive swarms, capable of reconfiguring in response to changing
conditions.

Technologies supporting this include:

9 Adaptive coordination and orchestration mechanisms
1 Recipebased task allocation and execution

1 Runtime discovery of devices and capabilities

9 Distributed execution without centralized control

This enables scalable and resilient operation across heterogeneous environments.

Advanced Networking and Hardware Acceleratiofo support higkperformance data exchange and
distributed execution, SmartEdge incorporates advanced networking and hardware technologies.

These include:

91 Declarative Remote Direct Memory AccesdIDMA) for efficient data transfer

1 Compute Express Link (CXL) for memory and resource sharing

1 P4based programmable networking for-iretwork processing and traffic control
1 VXLAN and secure communication protocols for network isolation and security

These technologies enable ldatency communication, efficient resource utilization, and secure
swarm networking.

Runtime Environment and Execution Frameworkhe SmartEdge Runtime provides the execution
environment for deploying and managing applications across thegatftged continuum.

It supports:
1 Resource management and scheduling
9 Execution of semantic workflows and test scenarios
9 Synchronization across distributed nodes
9 Containerized deployment on heterogeneous platforms

The runtime integrates seamlessly with orchestration components such as the Test Case Runner,
enabling automated execution of complsgenarios.

Integration Across the Edgg€loud ContinuumAll technologies in SmartEdge are designed to operate
cohesively across the devigedge;cloud continuum. The platform combines:

1 Semantic integration (WP®&) Section 2.2
1 Secure and dynamic networking (WR#4Bection 2.3
1 Low-code programming and orchestration (WH®)ection 2.4

This integrated architecture enables etatend intelligent workflows, from data acquisition and
semantic processing to distributed execution and adaptive orchestration.



2.2. CONTINUOUSEMANTIGNTEGRATIQWP3)

2.2.1. Introduction
Work Packag® (WP3) introduced the concept @ontinuous Semantic Integration (CShrough
three main tasks:

I.  edge semantics with standardized interfaces for I0T devices;
II. a DataOps toolbox for continuous semantic integration;
lll. a declarative, lowcode approach for creating and orchestrating swarm apps based on
Recipes.

CSl was developed to simplify integration of heterogeneous l0T data and enaldédotiapplication
development. |0oT devices differ in capabilities, protocols, and data formats, making integration
challenging. CSI addresses this by providing standardiaeanunication interfaces and semantic
descriptions of data, devices, and applications at the edge. For example, device capabilities and data
are described using machifileterpretable vocabularies and exposed via unified interfaces.

CSl is key for lowode development: it supports semantic discovery of device skills, matches them
with application requirements, and ensures uniform access to diverse data formats. With CSl,
SmartEdge enables easy development of-tmale applications.

The concept was designed based on SmartEdge use case requirements (see D2.2) and implemented
in deliverables D3¢D3.3. These results supported initial lab tests and validation in WP6 (see D6.1).
This deliverable reports on the full validation of the WP3 contribution through its application in the
LINEP2SO0GQa dzaS OFasSa FyR YtLao®

2.2.2. Objectives and KPIs
The objectives are:

1 Provide the Edge semantics, i.e., standardized semantic interffac&snartEdge
o Provide the design and implementation of a set of standard interfaces for the
SmartEdge middleware.
o Provide the mapping of brownfield data models and data using semeaity and
machineinterpretable serializations.
1 Provide a DataOps toolbox for continuous semantic integration
o Design and implement a DataOps tool for continuous integration of devices and
applications, enabling seamless deployment from cloud to edge.
0 Support scalable data integration from diverse sources across cloud and edge
environments, with integration into Mendix as a lawde platform.
1 Provide a declarative approach for creation and orchestration of apps based on swarm
intelligence.
o Design and implement an orchestration service for Swarm apps using the Mendix low
code platform, configurable through semantic and declarative templates.
o Enable matching of higlevel requirements with Swarm Intelligenapp capabilities
to configure and orchestrate these apps as deployable components on edge devices.

The KPIs are:

1 K2.1 Semantic integration should be provided for at least 4 brownfield protocols and more
than 3 green field devices.



1 K2.2 Message conversion performances increased by at least \B0% the baseline
described in [SCR+2Xee D3.3

1 K2.3 Semantic integration scalability (in terms of maximum concurrent requests and data
velocity) increased by at least 50% wrt. the baseline described in [SCBe103.3

1 K2.4 Reduced complexity and configuration time (at least 70%) of swarm intelligence Apps
through the automatic instantiation and orchestration of templdtased specifications
[SNR2Q]see D3.3

2.2.3. Main results

WP3 delivered an integrated set of artefacts that enable Continuous Semantic Integration (CSl). These
artefacts are organized into four main categories. We provide an overview of them, as well as the KPI
validation.

- Sandardizedsemantic interfaces for SmartEdge

Artefacts providing standardized semantic interfaces for SmartEdge inSiondetEdge Semantic
Models (A3.1) which define common data structures for representing information from
machines, applications, and swarniiddleware with Standardized Interfaces (A3.2dffering
unified access to device data; and tkeowledge Graph Repository (A3,3) specialized semantic
repository for storing, retrieving, and managing standardized knowledge artefacts. Crucially, it
enables an effective application of large language models (LLMs) on these artefacts.

- DataOps toolbox for continuous semantic integration

Artefacts forming the DataOps toolbox for continuous semantic integration incateaOps
Pipeline Components (A3.3pr defining and reusing pipelines tailored to SmartEdge use cases;
DataOps Deployment Templates (A3.6)r deploying these pipelines across cloud and edge
environments; and.ow-code DataOps Configuration (A3, Avhich provides artefacts and tools
for simplified pipeline definition.

- Creation and orchestration of swarm intelligence apps

Artefacts for the creation and orchestration of swarm intelligence applications includdéheix
Toolchain (A3.4)a lowcode environment for creating Recip&emantic Recipe Integration with
Mendix (A3.8) enabling discovery and retrieval of Recipes for swarm tasksRéwpeTD
Matcher (A3.9) which aligns Recipes with Thing Descriptions based on TD affordances and swarm
specifications; theMendix Orchestrator (A3.1Q)responsible for orchestrating Mendix flows
according to Recipes and matched swarodes.

- Semantic Media Service

Finally, theSemantic Media Service (A3.11yhich streams semantic graphs between swarm
nodes to facilitate a shared environmental context.

- Performance and KPI Validation

o0 For KPI K2.1 semantic integration of communication protocols was designed and
implemented in D3.4D3.2. The SmartEdge middleware now supports seven



communication options: Zenoh, DDS, MQTT {tode and virtual environments), OPC UA
(low-code and virtual environments), and Bluetooth Low Energy (BLE).

o For KPI K2.2 we analysedexisting processors for declarative mapping languages to
identify performancecritical components and designed an optimized mapping processor
for DataOps pipelines (D3.1). The Mapping Template tool was enhanced to execute
declarative mapping rules efficidy for message conversion (lifting and lowering) within
DataOps pipelineand compared with other existing processors for knowledge graph
construction(D3.2). Performance tests showed that processing JSON stream payloads of
60 KBtook an average ofess than tns(D3.3Y an improvement of over 80% compared
to the baseline.

o For KPI K2.3we analyzeddifferent deployment options for a DataOps pipeline to
minimize resource usage of a single instance and enable flexible scalability for increasing
demand (D3.2)Scalability tests showed thate could proces& JSON stream with 400
requests/second of 60Kb without dropping requests commodity hardwar€D3.3) a
50% improvementompared to the baseline

o0 For KPI K2.4 configuration was simplified through Semantic Recipes, automated
matching, and orchestration. As demonstrated in Secficand validated in UC5b and
UC4, Mendibenabled applications integrated via WoT allow capabilaged search and
uniform device inteaction, reducing manual setup and technical complexifhe
implementation of the integration into Mendix of the semantic recipes (A3.8) and the
WoT connector allowed to include the integration of these specifications into an
executable flow, as part ofrainning swarm App. The matching of recipes and capabilities
in the TDs (A3.9) as well as the Mendix orchestration (A3.10) have also been
demonstrated as part of WP3. The results show that a Mendix configuration without these
components can easily take -BD hours depending on the complexity of the flow, as well
as the level of experience of the developer in Mendix and in connecting with different
devices. In contrast, the usage of the WoT connector in Mendix, as well as the semantic
recipes, drastically wuce this configuration time to-8 hours, or even to less than an
hour for repetitive recipes.

2.2.4. Conclusions and further work
WP3 contributed significantly to SmartEdgebjectiven Y &G aARRf Sgl NB FFyR (22f &
A8YLYGAO Al hahhdhievermedtyidciude:

1 Standardized semantic interfaces: Final implementation of interoperable semantic models for
describing nodes (both statically and at runtime) and applications (Recipes), a repository for
storing and retrieving these descriptions, and middleware solutiansiging standardized
interfaces among nodes.

1 Continuous conversion process based on declarative mappings, scalable from edge to cloud:
Implementation of reusable, modular components for defining conversion pipelines,
deployment templates for edge and cloud environments, and a-dode approach for
pipeline configuration.

91 Declarative approach for creating and orchestrating swarm intelligence apps: Artefacts
supporting semantic Recipe definition, automated node matchmaking, and orchestration of
Recipes across nodes.
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These artefacts have been integrated into SmartEdge use cases. When WP3 was initially defined, Large
Language Models (LLMs) did not exist. As LLMs emerged, we recognized their potential to overcome
limitations of manual matching between application Reciged device capabilities (previously done
viamanually createdSPARQL queries). Consequently, we extended our work by incorporating LLMs
into the Knowledge Graph Repository (A3.3) and the MendixCoge Toolchain.

The Mendix Toolchain now enables seamless interaction with the Knowledge Graph Repository
through an LLMbased interface, providing natural language querying and simplifying swarm
instantiation from Recipes. By integrating GraphRAG, the toolchain lowerdbdlrier to using
complex semantic models in a les@de environment, making them accessible to #iechnical users.

This approach was demonstrated in Use Chsehere it significantly accelerated the creation of shop
floor edge applications. Engineersnaaow easily discover devices and their capabilities via an LLM
interface, test them in a virtual environment, and integrate them into doovde workflows.
Furthermore,low-codeworkflows (Recipes) created this way can be stored in the Knowledge Graph
Repository for future discovery and reuse.

h@SNIff> 2toQa theyfharsetNdithi SLRM capaddiitegreéady accelerate the
development of new Edge Al applications.

Looking ahead, the WP3 componerfocused on standardized semantic interfaces for brownfield
integration, a toolbox for continuous semantic integration, and the application orchestratdt
continue to evolve. The Mulhgent Swarm Orchestrator will go lmeyd simple orchestration: it will
extend GraphRAG to autonomously integrate machines, interpret contextual information, and
propose production recipes aligned with user objectives. In addition, existing GraphRAG pipelines will
be exposed through Al Agentshich can be orchestrated autonomously to meet user needs.

2.3. DYNAMISNARMNETWORKINGWP4)

2.3.1. Introduction

WP4 focuses oBynamic and Secure Swarm Networking paradigm in which heterogeneous edge

devices (such abots, vehicles, 10T sensors, or healthcare wearables) dynamically discover each

other, form temporary tasi2 NA Sy 4§ SR O2YYdzy AOF A2y 3ANRdzLIA 6daasl N
near real time. The objective is to enable such swarms in the SmartEdge dygtenpporting

automatic discovery and dynamic formation of nodes, ensuring secure isolation of traffic streams so

that only authenticated members nacommunicate while mitigating threats such as DDoS attacks,

and deploying hardwaraccelerated imetwork operations where programmable devices like P4

switches, Data Processing Units (DPUs), and FPGAs handle telemetry, anomaly detection, and sensor
datapreLIN2P OS&daAy3d RANBOGEE GAGKAY (KS ySig2N] ® t 22
YySUg2N] Qa LIKe&aA Ol i, V2X) &arfl ik dpflidafion Byem \DR4 sHXE paft af the
intelligence into the network itself, thereby improving performanceducing latency, and enhancing
trustworthiness in dynamic environments such as smart factories, intelligent transportation systems,

and healthcare networks.

2.3.2. Objectives and KPIs
The objectives are:

1. Automatic Discovery and Dynamic Swarm Formation
a. Enable reatime detection, onboarding, maintenance, and removal of heterogeneous
nodes in a swarm.
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b. Support flexible and scalable swarm management across different use cases (e.g.,
factories, vehicles, healthcare).
2. Embedded Network Security and Isolation
a. Integrate innetwork security mechanisms to protect swarms against attacks (e.g.,
DDoS, spoofing, anomalies).
b. Provide programmable access control and ensure traffic isolation so that only
authorized members can communicate.
3. HardwareAccelerated IfiNetwork Operations
a. Offload processing tasks into the network usingpPdgrammable switches, DPUs,
and FPGAs.
b. Support lowlatency stream processing, senstata fusion, anomaly detection, and
secure authentication directly within the network.

The KPIs are:

- K3.1: Reduce the time required for automatic discovery and dynamic swarm formation by
60% using hardwaraccelerated imetwork operations, compared to CHidsed
implementations.

- K3.2: Improve erndio-end latency by 50% or more, and reduce variability by enabling in
network processing.

- K3.3: Provide redlme anomaly detection and traffic isolation, with at least 97% detection
accuracy (F1 score > 90%) asdevel detection latency using ML models deployed in the
network.

- K3.4: Demonstrate scalability to 1,000+ devices, supported by distributeehivork
operations and hardware acceleration (DPU/FPGA/P4 ASIC).

2.3.3. Main results

- Integrated Artefacts Suite
WP4 delivered an integrated set of artefacts that enable dynamic and secure swarm networking.
These include the Access Point Manager (APM), Swarm Coordinator (SC), Swarm Node Manager
(SNM), P$programmable switches, and the Distributed Database (ART).areepomplemented
by programmable access control, anomaly detection mechanisms, distributegtwork
operations, and specialized edge units such as the Intelligent RSU, the Street Intersection Edge
Unit, and a LiDAR packet duplication mechanism.

- Automatic Discovery and Swarm Formation
Full implementation of swarm formation covered node discovery, authentication, joining,
communication, and controlled leaving. These processes leverage VXLAN tunnels, P4
programmable data planes, and distributed databases, and were validated across ntamogac
automotive, and healthcare scenarios, demonstrating robustness and adaptability in dynamic
environments.

- Embedded Security and Isolation
Programmable access control was deployed to enforce secure, ss@enific communication
policies, combined with imetwork machine learning solutions for reithe anomaly detection
and attack mitigation. IDNGNN and FFNet-E, based on graph neural neivks, achieved more
than 97% detection accuracy with microsecesudle inference, addressing both known and
emerging threats.
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- HardwareAccelerated IaNetwork Operations
Several accelerators were deployed and evaluated: the DPUAUT protocol enabled secure
authentication with SmartNIC and PUF integration; the Intelligent RSU usedaB&Amulti
sensor fusion for collision avoidance; the Street Intersection Edge Unit (Shtebyced a low
code PCML framework for LIDAR-precessing; and an Miriven packet duplication mechanism
reduced LiDAR transmission latency by about 50%.

- Performance and KPI Validation
Results confirmed major progress toward KPI targets. Swarm formation time was reduced by over
60% with hardwareaccelerated P4 switches (Intel Tofino). Hoend latency improved
significantly with imnetwork processing, approaching the 50% reduction ghabmaly detection
exceeded 97% accuracy with sofillisecond detection. Scalability was demonstrated for more
than 1,000 devices through distributed-fretwork operations and DRbased authentication,
Gt ARFGAY3 2t nQa NBI RéafeSdgaendirannmenRS LI 28 YSY d Ay

2.3.4. Conclusions and further work

WP4 has successfully finalized the implementation of dynamic and secure swarm networking within
the SmartEdge project, demonstrating effective swarm management, embedded security, and
hardwareaccelerated imetwork operations. The work has validated megisans for automatic
discovery and dynamic formation of swarms, ensuring neartine orchestration of heterogeneous

edge nodes. Embedded security features, including programmable access control-raetavank
anomaly detection, proved effective in mitigag threats such as DDoS attacks and in providing
reliable traffic isolation. Hardware accelerators such as DPUs, FPGAs, and programmable switches
have been integrated to achieve ldatency stream processing and secure distributed operations,
significanty reducing latency and enhancing performance.

All key artefacts including the Swarm Coordinator, Access Point Manager, Swarm Node Manager,
and innetwork ML security componerishave been integrated into a cohesive suite, showing
readiness for deployment in realorld use cases. Demonstrated scenarinssmart factories,
intelligent transportation systems, and healthcare environments highlight the broad applicability of
WP4 solutions. The achieved results also show substantial progress towards KPI targets, with
measurable improvements in swarm formatitime, endto-end latency, anomaly detection accuracy,

and scalability to more than 1,000 devices.

Future work will focus on further optimization of latency and scalability, deeper integration with
higherlayer orchestration components from WP5 and WP6, and validation inteong reatworld
deployments. Continued efforts will also address enhanced resilience indeade heterogeneous
swarms and extended security mechanisms against emergingtthasuring that WP4 technologies
remain robust, adaptable, and impactful in diverse SmartEdgearios.

2.4. LOW-CODEPROGRAMMINEOOLS FOBDGEINTELLIGENC®/P5)

2.4.1. Introduction

WP5 develops the semantic lewode toolchain and the SmartEdge Swarm Runtime, enabling
heterogeneous edgealevices to be programmed, coordinated, and optimized using declarative,
semantically rich models instead of traditional imperative code. WP5 addresses the challenge of
constructing complex edge applications that must integrate multimodal sensor streastjte real
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time analytics, and coordinate actions among hundreds of devices under constrained resources and
rapidly changing conditions.

At its core, WPuses a KG that unifies sensor data, device capabilities, network conditions, and
execution context across the entire devieglge;cloud continuum. Using this shared semantic
substrate, domain experts can describe what a swarm should do ssmgnticdescriptiors, while

the toolchain automatically generates how those tasks are executed across distributed nodes,
networks, and accelerators.

2tp &aSNWBSa a (GKS adzLJLISNI AyiaStftAaSyOS €I &SNE
planning, task distribution, multimodal fusion, optimization, and runtime adaptation. Its deliverables
form the core mechanism through which SmartEdge swarmsepercheir environment, coordinate
workflows, and react to changing operational constraints.

2.4.2. Objectives and KPIs
These objectives of Wp5 are listing as following:

1. SemantieDriven Multimodal Fusion: Provide a unified pipeline that converts heterogeneous
sensor inputs video, LIDAR, IMU, radar, loop sensoimsto RDFbased semantic
representations usable across all SmartEdge components.

2. Elastic EdggCloud Interplay: Enable dynamic offloading of tasks using declarative
specifications, hardwaraccelerated transfers (e.g.,-lRDMA, CXL), and distributed query
execution.

3. Adaptive Swarm Coordination and Optimizatiddevelop mechanisms for autonomously
forming, managing, and optimizing large swarms via continuous query federation, semantic
discovery, and runtime monitoring.

4. CrossLayer Execution EnvironmenbDeliver the SmartEdge Runtime, integrating plugins,
declarative workflows, and semantic execution contexts, with IDE support for visual modeling
and debugging.

TheKPlsare:

1. K4.11 Reduce endo-end latency of multimodal fusion pipelines by Z6% through
semantic optimization and offloading.

2. K4.2t Achieve 206500% improvements in elastic scalability for distributed tasks via

declarative offloading and-BDMA.

K4.3t Improve resource utilization by §050% through swardevel adaptive coordination.

4. K4.4t Reduce programming effort by 890% compared to Python/C++/ROS through
Semantic DSLs and automatic code generation.

5. K4.51 Support largescale swarms (2®0 device types, 2@1000 devices) with dynamic
integration of new nodes/sensors at runtime.

w

These KPIs align with WP3 (semantics), WP4 (networking), and WP6 (use case validation).

2.4.3. Mainresults
- Integrated Semantic Lo®@ode Toolchain
WP5 delivered the first full version of the SmartEdge-tmde toolchain, enabling domain
experts (traffic engineers, factory operators, robotics developers) to program sophisticated
behaviors using higlevel Semantic DSLs grounded in RDF, SPARQL, SkhtASmartEdge
ontologies.
Key achievements include:
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24.4.

0 Executable semantic workflows for multimodal fusion, path planning, sensor
aggregation, and event detection.
o0 A unified DKG model that integrates sensory data, network telemetry, device
metadata, and execution contexts.
o Visual IDE components for model building, pipeline configuration, metric inspection,
and debugging.
Semantic Multimodal Stream Fusion
Acomplete fusion pipeline was implemented for traffic and smart factory use cases:
0o Scene graph generation usin@FDETR DeepSORTracking and homography
transformation
0o Semantic SLAM and occupancy grid integration with depth and LiDAR data.
Sensor alignment across camera, LIDAR, loop sensor, and metadata streams.
0 Semantic transformation pipelines producing RDF streams compatible with WP3
schemas.

o

This produced a reusable semantic substrate for-tiea¢ perception and decisiemaking.

Elastic Offloading & Distributed Execution (T5.2)
A declarative offloading model was implemented, enabling:
0o Remote execution of operators (filtering, vector search, graph operations) via D
RDMA, CXL, SmartNICs, and P4 switches.
0o SPARGQhased specification of offloading strategies.
o Dynamic workload migration between devices, edge servers, and the cloud.
0 Integration with automotive and manufacturing scenarios requiring -latency
fusion.
Adaptive Swarm Coordination and Continuous Optimization
WP5 implemented an intelligence layer responsible for distributed behavior:
0 Semantiebased node discovery and capability matching.
o Swarm formation using DKiiased metadata, ROS2 integration, andePfianced
telemetry.
o0 Continuous Query Federation enabling distributed execution across many nodes.
0 Monitoring-driven optimization adapting to bandwidth changes, node failures, and
workload spikes.
SmartEdge Runtime
The Runtime integrates all WP5 components into a cohesive execution platform:
0 Runtime Core: executes semantic workflows across heterogeneous nodes.
0 Plugins: P4 Runtime, ROS2 semantic layer, security, accelerators, visualization.
0 Crosdayer coordination unifies application logic, network capabilities, and device
level operations.
o Developer Tooling: metric dashboard, mudtew visualizer, remote rendering, swarm
simulator.

This runtime forms the backbone of intelligent swarm behavior in SmartEdge.

Conclusions and Eue Work
WP5 successfully delivered a unified semantic toolchain and runtime enabling scalable,
adaptive, and lowcode edge intelligence. The work demonstrates that:

1 Complex multimodal fusion can be expressed and executed declaratively.
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D6.2 Final validated SmartEdge solution SmatEdge GA 101092908

1 Swarms can be formed, coordinated, and optimized via semantic metadata and
continuous query planning.

9 Offloading strategies significantly improve scalability and latency.

1 The SmartEdge Runtime enables distributed applications to operate autonomously across
heterogeneous devices.

Further work will focus on:

1 Extending semantic DSLs and ontology coverage for additional use cases.

1 Hardening the Runtime for lorgalue deployments in WP6 pilots.

T 5SSLISNJ Ay i S3INI inatdork aasdletatdrs fort jainQ detwddapplication
optimization.

9 Advanced tooling for debugging, safety, and resilience in complex swarms.

3. DEMONSTRATIONS

3.1. DEMONSTRATIONSTHREBPPLICATION AREAS

This chapter is dedicated to the detailed documentation of the six SmartEdge use(0&mdt
concludes the project work and translates the theoretical concegftsWP2 and technologies
developed in WP3 to Into verifiable results. The focus is on the presentation of the use cases
themselves, the technical implementation within the SmartEdge architecture, and the quantitative
evaluation of the outcomes based on defined key performance indicators (KPIs).

The six use cases of the SmartEdge are divided into three primary categories (Figure 3.1.1), each
demonstrating different aspects and advantages of edge and device swarm integration:

SmartEdge Use Case Categories (6 UCs)

Translating WP2 Concepts & WP3-5 Technologies to Results

1. Automotive 2. Manufacturing 3. Healthcare

Security (Intelligent Traffic Optimization and Automation of eHealth, Data-Intensive
Control) & Public Safety Production processes. personalized Services.
(Autonomous Driving test cases).
Reduce latency, Real-time High demands on Bandwidth,
Quick processing of large sensor Machine Data Analysis, Highly Low Latency, Self-Configuration.
data, Low Latencies. Flexible Configurations.

Validation of Architecture: Interoperability, Security & Performance

Figure 3.1.1: SmartEdge Use Case Categories
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1. Automotive

These UCs address challenges in urban environments, particularly séoaritgh intelligent traffic
controland public safety througtest case creatiobased on real traffic situationghey use edge
computing to quickly process large amounts of sensor dathensure low latencies

2. Manufacturing

This category focuses on the optimisation and automation of processes in production and industrial
environments.Theiraimisto reduce latency andxecutedata processing to thedgeto enable rea

time decisionsAt their core, these cases involve réiahe analysis of machine data ahayhly flexible
configurations of production lines

3. Health

This category explores the potential of edge technoioghe scope of eHealtfor new, dataintensive
services that place high demands on bandwjdtw latency and selfconfiguration These UCs
demonstrate highly personalised re@he services at the edge that enhance interactionstomer
experienceas well as safety and wellbeing

The entire chapter is designed to demonstrate the successful validation of the SmartEdge architecture
and its core componentsin particular, in terms of interoperable applicability of SmartEdge
components and tools realworld scenarios

3.2. Use cASE SMARVEHICLEESTASEENERATIGMDRADAS

3.2.1. Introduction

Use Case addressgscritical scalabilityand safety barrierén the validation ofAutonomous driving
(AD) features By shifting from isolated vehicle testing to a SmartEdgabled swarrrbased
validation paradigmthis use case leverages the edge computing and virtual wdithdscore objective
is to validate the highlycomplex ADAS systems decisiomaking by bridging the gap between
simulation and reality using high level semantic traffic data.

Developing highly reliable ADAS currently hits a validation wall. Traditional approaches are resource
intensive and struggle to cover the statistical ldag of traffic evens. Thisincludes:

1 Cost and EfficiencBottlenecks Physical @alworld testingscales linearlyis expensiveand
slow. It islimited in its capacity thvandlerare, safetycritical "edge casedtequently enough
for necessangafetyvalidation.

1 Data Interpretation: Théignumberof raw sensor data lacksmeaning for complex scenario
analysis It must be processed and transformed into semantic scenes (e.g., identifying "car,"
"pedestrian,” "yield sign") to be useful for testsegeneratiors.

9 Scalability: Generating a comprehensive library of tests that account for all possible
combinations of complex traffic rules and dynamic environments is not scafatiee with
manual efforts.

1 Accuracy: When new elements or changes are added to a simulation for test creation, they
must remain realistic to ensunalid ADASesponsesand transferable to realvorld safety.

1 Latency: In automated driving, latenciegudt a few milliseconds can be fatal.

To overcome these limitations, Use Case 1 uses virtual worlds with real traffic situations as a baseline.
CKAA Ffft26a @2dz G2 ONBI dLé vAOBRYFANERES f K260 SN0 LI
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pedestrians, changing or rare weather conditions or sudden obstacles which can be injected into a
scene. For the use case, the scenes are based on real traffic situations of the Helsinki Use Case (UC2)
test environment. Figure 3.2.1 shows a top view adaghly 1km2 area of Helsinki replicated in Unity.

All'in line with the European Virtual Worlds initiatives as in the WWiftual Worlds Association.

Figure 3.2.1: Top view of the Virtual Helsinki Test Area

Use Case fnakes use ol swarm-basedfusion approach supported by the SmartEdge platfanm
terms of the following aspects

1 Enhanced Perceptioisensorsof cars in the virtual environmerare limited by factors like the
Line-of-Sight, weather conditions, or the sensors rangdowing cars running on multiple
nodes to communicatallows for anore complex and@onnected simulation.

1 Cooperative View: By using data from a vehicle swaroonabinedview can be created that
is more complete than any singieirtual) sensor or vehicle could provide.

1 Reliability and Coverage: This cooperative perception is more reliable for detecting corner
cases and unseen objeetdich canimprove the fidelity and comprehensiveness of generated
test scenarios.

9 Scaling at the edge reduces streaming and communication lateresgeecially for cases
where data must be evaluated in ret@ine as in traffic situations. Thus, all processing, data
fusion, and decisiomaking for cooperativenmaneuversshould be executedas close as
possibleto the data sources.

SmartEdge Swarms enabling low latency collaboratibith means gpanded synchronized regions,
more nodes like cars, road side unigsarallel execution ofd ¢ KA Test-casescenariosjncreased
data coveragetestingwhole regions with autonomous objecasd testing multiple ADAS systenms
different versionsat the same time with identical conditions

3.2.2. Objectives and KPIs

The objective of usease 1 isto leverage the SmartEdge ecosysterwithin a smart virtual
environment,specificallyfocusing on autonomous vehiclesd testcase generation for ADAThe
usecase aims to demonstrate the systems capability to integrate semantic scene knowledge with
external traffic regulations using leeode orchestratiorior the support of alynamicsemantic scene
generation, reducing the intervention of manual efforts.
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for virtual autonomous test case generation and simulation environment. These indicators specifically
focus on meauringreduced time for analysis, reduced communicattandwidth in semantic data
integration and reduction of manual engineering effortdefining and evaluating complex scenarios.

Table 3.2.1: Use Case 1 KPI Overview

KPI 1D

KPI Description

SmartEdge Approach

Result8atus
(based on
preliminary demo)

K5A.1

This KPlevaluatesthe systems
ability to semantically enhanc
virtual scenes by automatical
integrating external knowledg
such as traffic regulations usir
low code orchestration. Th
target is to achieve a 50§
reduction in coding effort
compared to manual imperativ
programming, thereby,
accelerating the generation ¢
legally compliant test cases fq
ADAS.

Automated extraction of
traffic regulations from law
database using semant
search, and usage of LLMs
interpret laws and propose
scene modification reducin
manual logical scripting.

We performed a
user study and fing
out that instead of
spending1-2 hours
in analysing ang
generating a valig
scenariq the
developer only
needs to use our
code and spendbs-
10 minutes which
means we can
reduce more than
50%in coding effort
for generating
virtual scenes.

K5A.2

This KPI measures the bandwig
efficiency gained by transmittin
concise semantic scern
knowledgeinstead of raw videg
streams. By processimgw input
locally into structured objeet
relation, the system ais to
reduce data transfer to the teg
case generator by 280%, while
ensuring the output remain
human and machine readable.

Process raw video locally 1
extract objects and locs
relations, preventing the
need to stream pixels, an
convert to lightweight
structuredJSONSs that defin
the scene semantically
Transmits only semanti
descriptions to test case
generator, replacing vided
streams with symbolic dat
transfer.

Instead of sending
the whole video, we
send the description
of the scene, e.g. i
JSON format. Thi
reduces more than
40% of
communication
bandwidth.

3.2.3. Technologies used for the use case

Use Case 1 integrates selected SmartEdge technologies to support the automated validation of ADAS
features within a higHidelity virtual environment. The technologies instantiated in this use case are
drawn primarily from WP5 @&1.2.1)and are combined to enable visual semantic perception,
decentralized simulation, and automated test execution across connected vehicles and virtual nodes.
This section focuses on how SmartEdge artefacts are applied within UC1, rather than reiterating thei
internal design wich is documented in the corresponding WP deliverables.
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Visual Scene Understanding (VSU)

A critical component of UC1 is the Visual Scene Understanding (VSU) module (WP5 artefact). This
technology addresses the challenge of interpreting Highdwidth raw sensor datdt processes raw
camera and LIiDAR inputs locally to generate semantic sdate This structured information
identifies objects (e.g., pedestrians, signage) and their spatial relationships irtimeal By
transforming raw pixels into structured semantic data at the source, the VSU module significantly
reduces communication banddth and provides the machineadable "ground truth" necessary for

the subsequent test case generation steps.

SmartEdge Runtime and Test Case Runner (WP5)

The execution of generated "Whit scenarios is managed by the SmartEdge Runtime and its
specialized Test Case Runner compon@&nmtartEdge Runtime: Provides the underlying execution
environment on the nodes, managing resource allocation and ensuringatewcy synchronization
between the vehicle swarm and the simulation core.

Test Case Runnelcting as the orchestration engine, this component ingests the abstract test

scenarios (generated via the levade/LLM pipeline) and converts them into executable commands.

It coordinates the swarm to "act out" the specific edge caiseh as triggering a sudden braking event

or injecting a virtual hazardnd captures the resulting ADAS behavior for validation. This decouples
the definition of the test from the execution, allowing the same semantic test case to be run across
different vehide configurations without manual fscripting.

In UC1, the above technologies are combined into an @dgdric architecture in which visual
understanding, semantic integration, and automated execution operate cohesively. The use case
demonstrates how selected SmartEdge artefacts can be instantiaggdrier to support collaborative
vehicle validation in a dynamic virtual setting, reducing the dependency on physical field testing. The
main architecture of testase generation is shown in Figure 3.2.2
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Figure 3.2.2: Test Case Generator Architecture

In addition to artefacts used from SmartEdge, which are described in the following paragraph,
virtualisation was mainly implemented using Blender and Unity. OpenPilot is also used as an
exemplary ADAS system for integration with the virtual world. Thednitsklf is largely generated
automatically based on OpenStreetMap data. In addition, relevant parts of the world are adjusted
with the help of a 3D mash map provided by the city of Helsinki. This mainly concerns elevation data
that is not mapped in Open@&tetMap. With the help of the mesh data, it is possible, for example, to
display bridges correctly. Without it, a real bridge would lie flat on the level below. Figure 3.2.3 shows
a birds eye view of the virtualized test area from Use Case 2.
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Figure 3.2.3: Area of the Helsinki UC2 Test Track

et NPT
Wauva HelSinkisg@y ',

Figure 3.2.4: Specific Point of Interest of the UC2 Test Track

Figure 3.2.4 shows a specific point of interest for Use Case 1. The left part is a screenshot from Google
Maps, the right part the virtual representation of the intersection. This intersection has a traffic
camera from which a video was provided that isdiso semantically describe real traffic scenes and

later to create test cases.

The following table listSmartEdge artefacts that contribute to the use case:

Table 3.2.2: Use Case 1 Artefacts

ArtefactID and Name Short Artefact Usage Description

A3.1 Semantic Models Thing Description Templates for objects in the virtual environm
Semantic description of the scenes.

A3.2 Semantic Middleware| Zenoh andMQTTdata exchange between UC1l components
Object Detection, Scene Generatjovirtual World Instancesand
data sharing between multiple instances of the remote renderin
A3.3 Knowledge Graph Making TDDs of the virtual environment availatiebe usedfrom
outside the environmentfor example via Mendix.
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A3.4 Mendix Toolchain Virtual Environmentonfigurationfrom outside the environment
for examplevia MendiXWorkflows

A3.8 Recipe Mendi] Configure Virtual Environment via Recipes

Integration A3.9 Recipe TI
Matcher, A3.10 Mendix
Recipe Orch.

A5.1 Container Artefact, no technical integration

A5.1.1 Media Stream Proc.| Make Virtual Environment video streams available t& Barty
consumerssuch es ADASystems, Remote Control of the sceneg
& & @A NI dzk € aSOdzNRG& OF YSNI
happening within the scene

A5.1.2.1 Traffic  Scen Creating semantic descriptions of a traffic scene

Understand.
A5.4.1 SmartEdgeRuntime | execution of scenarios and itestcaserunner
andrelated artefactsA5.3.1
Swarm Adaptive
Coordinator,

A5.3.1.1 Semantic base
Node discoveryA5.3.2
Task Orchestrator
A5.4.4.2Metrics Report and| Trackng data of the virtual environment executiotike speed of
Visualization different vehicles, count of nearby objects, trajectory 4
performanceindicators like GPU and memory usage

A5.4.4.3 Remote Renderin¢ Rendering Helsinki Scene in a virtual environmeanhd make
relevant objectslike scene configuratio and vehiclesavailable
outside of the environment For exampleto contribute to a
simulation swarm where multiple nodesare used to rendera
connected scene

Figure 3.2.5 shows how all the artefacts can work together to realize use case 1 while Table 3.2.2 gives
details about the usage scope for the artefacts in the context of use case 1.

The SmartEdge UC1 architecture forms a pipeline that links semantic modellingzodew
configuration, virtual world generation andultimodalevaluation into one integratedemonstrator
for test case generatiotogether withvirtual trafficrendering A semantic level is used as the basis.
W3C Thing Descriptions provide formal representation of all objects that can be influenteel
virtual environmentthrough external systemsFor example they are used todefine vehicles,
pedestrians, traffic lightor infrastructure elements Alsq spatial relationshipsas the test case
descriptions,are semanticallyescribal as traffic scenarie. These semantic models ensure that all
elements are based on a common, consistent scene description
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Ad.4 Mendix Toolchain,

AS5.1.4 Data Stream Fusion

A3.8 Recipe Mendix Integration 5
Virtual Test A5.1.2.1 Traffic Scene
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Figure 3.2.5: Use Case 1 Architecture Overview

The semantic middleware provides the communication backbaeitkin the distributed use case 1
setup. Using Zenoh and MQTTgammunicatescene updates, test case parameters and sensor data
between modules such as object detection, scene generation, the virtual world runtime and
evaluation services. & publish/subscribe communication modallows fortimely propagation of
changesespecially for the multienderingnodes setup, and enableshe loosely couphg amongthe
components.

In addition to this, he Knowledge Graph stesthe formalizedW3CThing Descriptionsmaking them
available to toolsunning outside the virtual environmentt acts asa reference for what objects,
constraints and relationships exist and provides Mendix with the necessary data to enable workflow
driven configurationof the environment Through the Mendix toolchain, usecan configurethe

virtual scenes by selectinipe neededobjects and adjusting their attributes The recipe system
enhances this procedsy providing the templategor complex configurationsRecipes describénhe
environment configurations and can lbieed viaVlendix They arenatched against available TDs and
orchestrated into scenario definitien

Virtual Test Case Generaimneates thesemantic test case descriptiobhased on original video inputs
To execute the test caséise runtime is requested to start ugremote renderingnstancewhichthen
uses hese descriptionsthat include initialization parameters, environment constraints and
behavioural scripts.

On the simulation and rendering side, SmartEdge uses containerized runtimes as execution
environments for all virtual world instances. The media processing madui&ansform rendered

virtual scenes into video streams thatultiple external systems can consume. This is particularly
relevant for ADAS systems, rematentrol setups, or anyhird-party tools that need reatime or
repayablevisual data from the virtual worlde.g, even simple security cam like scenanasere
someone wants to monitor what is happenjng

During execution, metrics are collected and processed by the reporting and visualadgifact This
module extracts performance indicators such as collision counts, distances to obstacles tw time
collision (TTC)metrics and presents them in visual dashboards that support interpretation and
validation of the test outcomes.
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Overall,the remote rendering component generateghfidelity views of the Helsinkest area as a
virtual environment and exposes them to the swaandthus thereby to external consumers.

3.2.4. Demonstrationgnd validation

Visual Scene Understanding and Data Ingestion. The workflow initiates within the Cooperative
Perception dashboard (Figure 3.2.6), where the Visual Scene Understanding module processes raw
sensor inputs. As demonstrated in the interface, the user selesfwaific video source and defines

the temporal range for analysis (e.g., frames @B560). Rather than offloading this higgandwidth

data to a central cloud server, the application leverages an-baged runtime to execute local object
detection and traking. The dashboard visualizes the rale output of this process, overlaying
bounding boxes and trajectory IDs (e.g., "ID: 43") directly onto the video feed. This step confirms that
the edge node has successfully converted raw pixel data into strucso@uiario objects before any
further processing occurs.

Cooperative Perception Home Scenarios  Analytics

SmartEdge Scene

Functional Description Scene Description Laws
Controls
Video Source SmartEdge Scene Generation Functonal Description
Scene 1 v
« C43: car moving at 66.2 km/h from 16433.333333333336 to
20700.0 milliseconds.
« C54: car moving at 10.8 km/h from 19466.666666666668 to
20833.333333333336 milliseconds

Start Frame End Frame

950 1250

Select These Frames

Sampled Frames

Reset Frames Range: 950 — 1250 Frame: 1250

Get Scene Semantics

Figure 3.2.6: Use Case 1 Cooperative Perception

Semantic Scene Description and Concept Extractidollowing the initial ingestion, the Semantic
Integration layer transforms the lo¥evel object data into a highdevel knowledge graph. The
application interface displays this transformation by automatically generating a natural language
summary of thescene, such as identifying a "black car changing lanes." Concurrently, the system
extracts specific semantic concepts tagging elements like traffic light, pedestrian, crosswalk, and
vehicle. These tags are mapped to the SmartEdge ontology, allowing teenggsnot only identify
objects but also understand their contextual relationships, such as recognizing the safety implications
of a pedestrian located on a crosswalk.

Law Retrieval and Relevance Reasoning. The application utilizes a semantic search capability to bridge
the gap between static traffic regulations and dynamic simulation. In the "Relevant Laws" view, the
system queries an external legal database to identfyulations pertinent to the extracted scene
concepts (Figure 3.2.7). Crucially, the interface displays an automated reasoning block that evaluates
the testing status of each law. For example, it can flag specific regulations (e.g., "Groups of
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pedestrians") as "Untested" within the current scenario, explicitly stating the reasoning for their
relevance. This mechanism allows the system to prioritize which edge cases need to be generated to
ensure comprehensive validation of coverage.

Home  Scenarios  Analytics

Functional Description Scene Description Laws
« Location: Alongside the road and near the intersection

« State: Various traffic signs indicating road instructions

P 1 lated ort behaviors

1. The black car (ID: 43) changes lanes, moving into the adjacent
lane from the far right lane. The action appears smooth without
sudden movement, and it does not seem to violate any traffic
rules in the given images.

2. There is no visible traffic violation or unusual behavior by the
pedestrian.

<> Extracted Concepts

road street road user pedestrian person on foot
traffic device  trafficlight  roadsign  carriageway  lane
crosswalk vehicle

[ Generate Scene Description J

Find Relevant Laws

Home Scenarios Analytics

Functional Description Scene Description Laws

2> Relevant Laws

Obligation of road users to be foresighted tested
Groups of pedestrians and processions Untested
Reasoning

This regulation is untested but relevant because if the scene included a
group of pedestrians or an orderly procession, the Ego-vehicle would
need to adapt its actions accordingly.

+ Generate New Scenario

Vehicle position on motorways and expressways untested_irrelevant

Yielding tested

General obligations of road users tested

Figure 3.2.7: Use Case 1 Scenario Generation

Automated Test Case Generation. The final stage of the workflow is handled by the Test Case Runner,
which orchestrates the creation of new valid scenarios (Figure 3.2.8). Upon triggering the generation
process, the lonwcode orchestrator utilizes Large Laage Model (LLM) logic to modify the original
scene parameters to fit the identified "Untested" law. The system provides a transparent view of its
internal logic, showing how it calculates specific interaction points such as a "collision trajectory” at a
precise timestamp and injects new virtual actors into the environment. The process concludes by
outputting a structured JSON modification, effectively writing the executable file without manual

human intervention.

26



r—— | —_— |
| Generated Scenario JSON Close '

Generating Scenario s h

Law: Groups of pedestrians and processions a——

crashing at timestamp 18833.333333333336.. The new object has been added with ID P186.

‘H 4. Final Reasoning h

I The collision trajectory between the original trajectory of vehicle D 43 and the pedestrian moving from 21 to
H 22 has been successfully generated. The new pedestrian object has been added with ID P186.

Therefore, the ego vehicle in the context of this modification is:

I Ego selected: 43

H Changes:

Generated a collision trajectory between the original rajectory C43 and the object moving from Z1 10 22, _I |
crashing at timestamp 18833.333333333336.. The new object has been added with ID P186.

The ego vehicle is 43

Figure 3.2.8: Use Case 1 Generated Scenario

As of D2.2the use caseavas supposed to be realized throughreél scenarios

1. SmartEdge integration with a virtual environment
2. Semantic assessment of ADAS systems using sensor fusion
3. Changing scenes generatealternate test cases.

In addition, the demonstrator makes use of the newly added data synchronization features that were
added to the Remote Rendering artefact. This allows us to use swarm rendering across multiple GPU
enabled compute nodes to allow for largeale simulationg-or Use Case 1, this means that multiple
simulations in the same environment can be executed not only-lsyeside through the SmartEdge
Runtime but also together enabling scenarios with higher complexity that can be executed on single
nodes alone. For exnple, in Figure 3.2.9 there are multiple autonomous vehicles that are exchanging
their intentions in order to clear the intersection more safely. In this case, car A reports its intention
to turn left which is rejected by the traffic light but also by thetorcycle.

2
[ Intention request "
' ]'7] (e.g., Left turn of car A?) ;
Feason '
[|_'>] \ [] R] Rejection response
7. \ :
Ok, vehicle C will +| Ressan
turn left . : A Approval response
~ A T !
-] -@ > : ; Intended trajectory H
Y. | ® > |
\ 1% vav i
Vil B = vai i
e | = TR & € »
= — 0, you must
No, motorcycle B will cross - stop because Legend
in aprox. 3 sec. red light 10

more sec.

A

Figure 3.2.9: Multi Nodes Scenario Example

Thus, a test scenario can be executed on multiple nodes at the same time where, for example, another
car relates to its own ADAS system. Cars then can use semantic middleware to exchange information
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between virtual cars or infrastructure. As in real world scenarios the communication can be restricted

Ay Ada NIy3aS FyR NBtAFIOAfAGED® ¢Kdzax 2yfte& OF NBR Ay
car. Figure 3.2.10 is a screenshot taken odhefrendering engine which shows a virtual replica of an
intersection of the Helsinki test area. The white car is the car that is running on the rendering node.

All light green cars are cars running on different computing nodes which are exchangingelta li

position of themselves.

With thisa more complete world view can be createadl that, for example, cars behind other cars can
know about any obstacles which are in front of them but not visibly by the car itselflyetollowing
three introducedscenarios are detailed.he followinghree scenariosare described in moreletail.

Figure 3.2.10: Use Case 1 Multi Node Cars

3.2.4.1. SmartEdge integration with a virtual environment

We successfully implemented a "hello world" scenario that demonstrated the seamless integration of
a virtual environment with the SmartEdge swarms based on the SmartEdge semantic features,
especially W3C Thing Descriptions, as developed by work package 3cenario is about a virtual
vehicle with a virtually edgeonnected brightness sensor, we achieved+teak communication with

virtual streetlamp swarms. Using levode recipes and semantic interfaces, we automated the virtual
world in a standardizedvay. Streetlights react to environmental brightness levels as the vehicle
navigated a street. This scenario integrated the SmartEdge swarm concept into a virtual environment
and the practical application of its serviogented architecture. To realize thscenario, object
FoFAftLrofS GAGKAY GKS &a0SyS INB YIRS F@FrAflotS &
virtual environment publishes available things via MQTT. An intermediate broker instantiates
corresponding Thing Description Templates andkesathem available to the SmartEdge Thing
Description Directory. Examples are Cars, Pedestrians, Streetlight, Traffic Lights and an overall
configuration of the scene that includes time of day and weather conditions. Figure 3.2.12 shows how
different time of day conditions can influence the visual representation of a scene.

Errore. L'origine riferimento non & stata trovafovides aview into the template based MQTThing
Description Mappingverview It shows thing descriptiondetails of a specific streetlamp which is
available in a specific scene. Note, multiptenescan run at the same time on the same node or on
different nodes.In each scene multiplestancesof streetlamps are available so theistantiations
are handled as well as connections to the corresponding origin of the object.
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Errore. L'origine riferimento non é stata trovatashows how differentime-of-day conditions can
influence the visual representation of a scene.

Thing Broker

s — Thing:stroo lamp_005

street_lamp_005

Individual loT Thing

Real MQTT Topics Individual Thing Description

Complete WoT Thing Description for th

MQTT Vocabulary Terms

W3C MQTT Binding vocabulary used in this Thing Description

ascessissies.  mavcobuPadet publish

macretain: False

Figure 3.2.11: MQTT Thing Description Mapping

Figure 3.2.12: Example different Time of Day conditions

3.2.4.2. Semantic assessment of ADAS systems using sensor fusion

We successfully executed the second scenario, which focused on the semantic processing of sensor
data and the integration of an ADAS system. By leveragingepmrded Helsinki test data, we
established a digital twitike sceneg A G KAY (GKS @ANIdzZf SYy@ANRYYSyYy(od
sensors and actuators as a static device swarm making data available through SmartEdge Semantic
Interfaces.

A reasoner component monitors what happens in the scene to provide a mechanism that allows to
validate ADAS compliance with traffic rules. The data is collected using the Metrics Report and
Visualization Artefact. We also demonstrated an integration betw8eenes running in the virtual
environment with the OpenPilot ADAS Open Source software for scenarios with dynamic road users
like pedestrians and other cars. Figure 3.2.13 shows two images of that integration which is further
described in the next subsian.
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Figure 3.2.13: OpenPilot with video input from virtual test cases

3.2.4.3. Changing scenes to generated alternate test cases

We demonstrateda systemthat generaes alternative test cases t@nable stresstests of ADAS
systemsBy dynamically modifying and transferring scene contents into the virtual environment, we
enabledthe evaluation of various ADAystems, for example differemersionsor different software,

in corner cases many of which areearlyimpossible to replicate in the real world.

Errore. L'origine riferimento non € stata trovatahows two images of that integration. Both images

are showing the rendering output of the scene which is streamed to an Open Pilot instance. Open Pilot
tries to understand what is happening in the scene and sends back commends back like steer left /
right or brake. The left image also shows additional Ul component added by OpenPilot. The green line
indicates that OpenPilot detected a lane which it is trying to follow. The orange area is an Open Pilot
warning that the human should take control. The red aoeathe left and the person avatar on the

right are, by the test case, artificially added obstacles added to the scene which were not originally in
the video of the traffic scene.

We also realizedh complex multcar simulation whereirtual carscan beusedas independenW3C
Web of Thinglevices. Therewith theycan communicateheir own environmentby providing sensor
data like video, position, steering informatiogpeedand intentions planed direction or position
during the nexiseconds) Through manual and automated interventiosisch as provocative braking,
weather changes (rain, fog, snow), and pedestrian obstalitfEsences in thdehaviour of connected
ADASsystems The semantic scene descriptionsere sufficiently expressive to reconstruéical
scenesspecific to a traffic situatiomsing raw sensor datso that based on this extensions to the
simulationare possible that are using the test casesegwsoducibleinitialization at a specific location
which are therextended when going outside the viewport of the original wideaterial.

Figure 3.2.14 shows a side by side view of an original scene as originally recorded by a street video
camera and the virtual representation in terms of detected cars, their directions and detected lanes
and the virtual representation. Previous Figure 33nbt only shows an ADAS view of a scene but also
adapted scenes. Here as example with injected obstacles and pedestrians.
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Figure 3.2.14: Side by Side View of real recorded scene and virtual scene

Across the entire workflow of the demonstrationse case 1 integratesemanticfunctionalities low
codescenario configuratios) modular communicatioand support for integrating both synthetic and

real data sourced\ virtualized environment wagalized based on OpenStreetMap and 3D mesh data
from the City of HelsinkVirtual objects are exposed as W3C Thing Description and are made available
to the SmartEdge environmerfRealworld Helsinki traffic videos are used to convert video data into
structured objectsvhich are used to create test cases based on real traffic. OpenPilot was integrated
assafety system for virtal cars Sensors and actuators are modelled so that they can contribute to
SmartEdge swarms.

3.2.5. Ongoing and future work

Currentlythe visual quality ofhe virtual rendering of & S/ scelieSis nmt yet fully photorealistic.
This limitation is intentional and results from prioritization during development. The primary focus
was placed orEmartEdge tooling integration and the connection with ABa&Ber than on visual
fidelity. Also, there waBimited availability of highquality, photorealistic 3D assetisat could be used
within the project Use Case 1 demonstrated an etedend workflow from semantic visual scene
underdanding to automated test case generatiand execution including ADAS integration through
visualexport of the test case renderingmproved visual appearanaegll most certainly also improve

the reactions of connected ADAS systems.

AlsoUC1combiresvisual databased onposition and notion to create semantic scenes. Extending
this fusion with additional datéike radar, lidar or car detector loops to increade accuracy of the
word view and may result in more complete automatic test case creation and validation.

The metrics layer takes care dachnicalindicators such as distangegositions and object counts
additional work is needed to reflect regulatory expectations digmpliance with traffic ruleAlso the
swarm rendering across multiple Gfedabled nodes has been demonstrateést with bigger
numbers of nodes are pending which would include the evaluation of network load and
synchronization latency.
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3.3. UseCase2: SMARVEHICLEOINFRASTRUCTURE

3.3.1. Introduction

Use Case 2 demonstrates how swarm intelligence and continuous semantic data integration can
transform traffic management at signalised intersections. In conventional traffic management
systems, information exchange between infrastructure and vehicles tiemealy limited and
asymmetric. Vehicles relsolely on the traffic signal indications (i.e. red, amber, or green states)
without any awareness of controller intent or surrounding traffic conditions. Also, the traffic
controllers depend orimited and indrect infrastructure inputs, most commonly inductive loop
detectors that provide only binary or aggregate occupancy information, with little or no semantic
understandingpr knowledge ofndividual vehicle behaviour.

This separation results in fundamentally uncoordinated decigiaking: vehicles react independently
based on limited visual cues, while controllers operatdimited, localised measurements, unable to
anticipate or influence vehicle behaviour beyond signal timifigs paradigm leads to suboptimal
performance and elevated risk, particularlynre complex traffic environments and conditions

The SmartEdge approach replaces this isolated control logic with a cooperative-baseoh traffic
management model. Vehicles, traffic controllers, and heterogeneous sensors jointly form a distributed
intelligence swarm, in which information is exchangétirbctionally and processed close to its source

at the edge. Vehicles contribute refined state information (e.g., position, speed, and following
distance), infrastructure sensors provide complementary situational context, and traffic controllers
share cottrol intent and timing decisions.

Through semantic harmonisation of these data streams, the swarm maintains a sharetingesal
understanding of the traffic situation. This enables coordinated optimisation of both traffic signal
timing and vehicle behaviour in unison: signal control addgteamically to the evolving traffic state,
while vehicles receive actionable guidance that directly influences their behaviour. The result is a
cooperative control loop that improves safety and traffic efficiency beyond what is achievable with
traditional detector-based signal control alone.

Within this cooperative swarrbased traffic management framework, Use Case 2 focuses on traffic
safety as a concrete and measurable proof of concept. In particular, the SmartEdge solution is
demonstrated through functionality aimed at reducing reard colision risk at signalised
intersections, where timing uncertainty and uncoordinated vehicle responses pose significant safety
challenges. While the use case concentrates on this specific safety scenario, it serves primarily to
validate the broader SmartEdgapproach: the ability of semantically integrated, bidirectionally
communicating swarms to support safetyitical decisioamaking in real time. The selected scenario
provides a weltlefined, highimpact context in which the benefits of cooperative contoan be

clearly observed, while the underlying technology is applicable to a wide range of additional traffic
safety and efficiency use cases beyond those demonstrated here.

Traffic safety is a major challengelire EU the cost oftraffic accidentsjncludingfatalities,equals 2%
of GDP.In signalizedntersections,the most common accident type is reand collision.When
vehicles approach aimtersection,the green signal may come to an end. This cadsegrsto react

in different waysdepending on their speed and distance from the stop linea éertaindistance from
the stopline,there is a zone in which the reand collision is most likelyecause the drivers can make
conflicting decisior® ¢ KA & | NBI A-B2 Y86 { & Srieysactioms Yolirget diedsdras
have been taken by usirggdetectorto count vehicles in and out of the option zone. In ttése the
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traffic controller must wait until the option zone is clear before it can terminate the green. This
approach can lead toverly long green times and suboptimal traffic performaicehe signalized
intersection.

Safety
Manager

Signal
Controller

Ix <
i o = -
D @ —e— @ 4
Option-zone: risk for rear-end collisions
Following car Leading car

Figure 3.3.1: Option zone in use case 2

Our solution is to use SmartEdge technology to form a swarm consisting of vehicles, sensors, and
traffic signal controllers (Figure 3.3.1). Some of the sensors are stationary and communicate with the
controller via wired connections or wireless networkindpile vehicles and their choard sensors are
mobile and therefore rely on wireless communication. For vehicle to infrastructure communication, a
dedicated Vehickto-Everything (V2X) is deployed into test area and used. V2X communication is
supported byspecific devices such as Roadside Units (RSUs) aRdabah Units (OBUSs), which enable
low-latency data exchange between vehicles and infrastructure.

However, V2X communication offers limited bandwidiid range which constrains the amount of

data that can be exchange well as spatial coveraghs a result, most sensdata processing must

be performed locally within the vehicle, i.e. at the edge, and only refined informétadricle position,

speed, and relevant surrounding traffic conteid transmitted via V2X. Vehicles equipped with V2X
capability can also receive messages from the infrastructure, which is exploited in this use case. While
V2X provides very low latency, its communication range is typically limited to approximateB0000

m. This range can be extended through mbtip communication, where vehicles relay messages
beyond the direct coverage of an RSU. In addition, the devices used in this use case supmut no
direct V2X communication but also V2X over 5G mobile networks, enabling extended coverage when
required.

In our setup, data is collected from multiple heterogeneous sources and in various formats. Fixed
radars and cameras provide observations within their respective sensing ranges, while traffic signal
controllers supply information on signal states and viehibetections. In addition, public transport

data is ingested from external sources, including vehicle position and speed as well as operational
attributes such as line identifiers, stop status, and door open/close events. These data streams
originate fromdifferent providers and are produced at different rates, posing a key challenge: how to
construct a holistic, redime understanding of the traffic situation from fragmented and
heterogeneous inputs.

To address this challenge, we employ continuous semantic integration of data streams. Sensor data is
semantically enrichedsuch that it conveys not only raw measurements (e.g. vehicle coordinates), but
also contextual information such as sensor identity, location, coverage, and alignment. All streams are
then transformed into semantic representations, such as RDF or-1B0O#habling automatic
integration across sources that comply with standard ontologies (e.g. SSN/SOSA). The integrated data
is aggregatethto a Dynamic Knowledge Graph (DKG), in which information is represented asGubject
predicate;object triples. These triples form a continuously evolving graph that captures the current
traffic situation in a machinénterpretable andorogrammatically accessibierm. To ensure semantic
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consistency and usability for traffic management, the DKG adheres to a dedicated Smart Traffic
Ontology, which defines the relationships between roads, lanes, vehicles, sensors, detectors, and
traffic signal controllers.

This semantic data fusion and holistic situational awareness form a core capability of the SmartEdge
approach and extend beyond the specific safety demonstration presented in this use case. In
particular, the same architecture is intended to support a widenge of traffic management and
optimization functions when deployed in conjunction with the Open Controller traffic control
framework. By providing a shared, semanticéidymonizedview of the traffic state, the approach
enables more advanced contratategies, improved interoperability, and scalable deployment across
larger urban areadt should be noted that this work will continue beyond SmartEdge project.

The UC2 functionality is validated through a combination of simuldigsed studies and reaforld
experimentation. Assessing traffic safety and operational improvements requires large volumes of
diverse traffic data and exposure to a wide range of sdesamwhich cannot be feasibly collected
within the scope and duration of this project. For this reason, extensive simulation studies are
conducted using the SUMO traffic simulator, allowing controlled, repeatable evaluation of swarm
behaviour, signal condt strategies, and safety mechanisms under a broad set of traffic conditions.

Smulation alone is insufficient to demonstrate the technical feasibility and operational viability of a
distributed, V2Xenabled swarrrbased traffic management system. To address this, complementary
field experimentavere carried out in an operational urban environment using instrumented vehicles,
roadside units, and live traffic signal controllers. These experiments validatewosal
communication, latency, integration, and deployment aspects that cannot be fully eaptinr
simulation.This work, as weas simulation studies is reported later in this section.

3.3.2. Objectives and KPIs

In the use case 2 we had objectives related to traffic performance and traffic safdile(3.3L). The

overall traffic performance was indicated by total delay of the vehicles in the intersections (KPI K5B.2).
The open controller signal control algorithm is based more holistic scene understanding provided by
the swarm of fixed sensors like radars araaneras. The total delay of all the vehicles can be obtained
by simulations only.

The safety green extender augments the traditional signal control withcé@nunication between
vehicles, controllers and sensofde indicator for traffic safety was originally defined as the number
of red runnerdKPIK5B.1 However, this indicator this indicator was latedefinedto better indicate

the risk of rearend collisionsThe new definitionindicates better risk ofear-end collision at the
option zone.The risk of reaend collisions is measured by Time To Collision (TTC) value between
successive vehicles the end of green signalhe TTC values can be obtaitggimulation runsonly.

Table 3.3.1: Use Case 2 KPI:s

KPI ID | KPI Name| Description Measurement Context | Result

Measuresthe additional total | Simulated delays usin[ Delays

KER.2 Total time spent by the vehiclesn | open controller with and reduced by-
) Delay comparison to the travel timqg without the  smart| 1530%
by normal speed extenders Goalc20%
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Simulated TTC with a TTc

Time to| Assesses the reductiom the| . increased
KS.1 . . - without the  safety
Collision | risk of rearend collisions over 100%
extender
Goal 50%

3.3.3. Technologies used for the use case

UC2system isdesignedwith a focuson edgecomputing andcomprises decentralized distributed
heterogenous nodes capable of sensif@yg. radarand cameraunits), computation (e.g. traffic
indicator edge unit)actuation (e.g.controller unit) mixed (e.g. V2¥nabled vehicle nodeslepending
on the node typeln this regard, we have leveraged thacnoservices approach to deploy and run
heterogeneous tasken the edge nodeswhere the nodes mainly implementuplish-subscribe
messaging(via MQTT and NAY$or collaboration withother nodes and microservice©On the
hardware side, thesedgeunits mainly use ARMased SoGand when needednclude CUDAenabled
GPUs

Regardingemantic integration UC2 also employsontinuousknowledgegraph (KG) processing as a
subcomponent of A5.1.3. Within the overall UC2 pipelitfiest the A5.1.4 (built using A3.5)
semantically annotatethe sensordatato generate a stream of REMfased knowledge graphs. The
JSOMNo-RDFRmapping rulesre based on the Smart Traffic Ontolodgfinedin UC2, whicheferences
namespaces fronstandard ontology definitions (explained in WP3 and WP5 deliveraliles) Data
Stream Fusion alsenrichesthe KGwith live publietransport information from GTFRT sources. The
output is a continuous, semantically unified representation of the scene, which limfddo UC2 The
Traffic Indicator then extracts relevant informatimreaktime usingon-the-fly SPARQéxecutionand
graph processing logid-or instance,tiidentifies vehicleghat follow each other on the same lane
within the option zoneand generates complementary KG elements in real time, describing pairwise
relationships and distanced vehicles following each othefraffic Indicatopublishes alerts such as
GOt 2aS LI ANB Ay 2LIWiA2Y 1T 2ySé¢ @Al LINBRSTAYSR b! ¢{
threshold.

The following table.3.2lists SmartEdge artefacts that contribute to the use case:

Table 3.3.2: Use Case 2 KPI:s

Artefact-ID and Short Artefact Usage Description

Name

A3.1 Provides the shared ontology vocabulary. We used it in UC2 to semant

SmartEdge Semantic describe the traffic scene objects, sensors and states together with

Models processing results across all components. Convegs/Aalto provided
foundation for Smart Traffic Ontologjeva set of sample U&pecific Turtle RDF
files (.ttl).
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A3.2

Middleware with
Standardized Semantic
Interfaces

MQTTENATS interface is used for communication among UC2 edge node
components.

A3.3

Knowledge Graph
Repository including
TDD

The TDD knowledge graph stores semantic description (LBYdF UC2 entitieg
including our edge nodes and their capabilities in relation to the defined |
code recipes. In our tests, SE Runtime used the TDD for dynamic deploym
the traffic scene undrstanding pipeline primitives into the edge nodes.

A3.5
DataOps Pipeline
Components

A3.6
DataOps Deployment
Templates

These tools and templates were used to create RDF generator pipelines (A
that convert nonsemantic JSON sensor data into semantic knowledge g
RDF streams, according to Smart Traffic Ontology and related mapping rul

A4.9
Intelligent roadside unit

Ly F &aSLINIFYGS &Sidz2lJ FNBY !/ HZI hET]
streams.

A4.9 provides imetwork acceleration for data fusion from various sens
(LIDAR, radar, etc.). Refer to Dynamic Swarm Networking (WP4) for

explanation.

A4 11

Packet Duplication
Mechanism for LIiDAR
Transmission

In a separate setup from UC2, Oxford has investigated the useMtdNriven

packet duplicatiorand anomaly detectioon programmablaleviesto improve

the transmission stability of LIDAR frames. In addition, the capabilitie
BlueField3 SmartNICs have been leveraged to enable isolation and- |
performance parallel processing of up to 1,000 LiDAR streRafsr to Dynamic
Swarm Networking (WP4) for more explanation.

A5.1.2.1

Vision Scene
Understanding for
Traffic

UC1 used oulive camera streams to implement their vision pipeline f
semantic scene understanding.

A5.1.3
Smart Traffic Data
Fusion

Performs fusion of traffic scene data from heterogeneous sensing sou
(cameras, radars, traffic signals, etc.) and merges them into targeted tr
indicators to be used for adaptive traffic management in UC2.

A5.1.4
Data Stream Fusion

In UC2, this artefact (an RDF generator pipeline) convertsseorantic traffic
sensor data streams (custom JSON format) into semantic knowledge ¢
streams (interoperable RDF) according to our Smart Traffic Ontology.

A5.1.5
Graph Stream
Processing

UC2 and A5.1.3 use this knowledge graph processor to extract relevant dat
traffic indicators from the realime traffic scene KG, by means of SPAH
execution on the RDF streams.
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A5.4.1 SmartEdge
Runtime

Together with its related
artefacts:

A5.3.1 Swarm Adaptive
Coordinator,

A5.3.1.1 Semantic baseq
Node discovery,
A5.3.2

Task Orchestrator

We have used SmartEdge Runtime for dynamic deployment and execulti
our camerabased scene understanding pipeline into new edge environme
for each intersection road. A5.4.1 dynamically executes UC2 test cases bag
their low-code recipes.

Theseartefactsare mre componens for management of the swarm, executio
of task primitives and the recipes on smart nodes.

A5.4.2
Dynamic Knowledge
Graph

A core component that provides semantic information on the current statu
the swarm and changes in the nodes. A datastore for dynamic swarm attrib

A5.4.4.3
Remote Rendering

This has been a cooperative effort with UC1 in which we have collaborated
Fraunhoffer team to visualize traffic environment (real time/simulated) in th
metaverse. Refer to UC1 section for explanation and pictures.

A5.4.4.4
EgoVehicle Centric
Visualization

EgeVehicle Centric Visualization was
instrumented vehicle demonstration.

implemented as part of A

Figure 3.3.2 also provides a visual view of artefact integration and their interfaces in UC2. Not all the

core artefacts are shown in the figure.
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Figure 3.3.2: Artefacts related to UC2

3.3.4. Demonstrations and validation

We have demonstrated use ca®e/2| capabilitypy using simulatioms well ady carrying at field
demonstrations. In simulation studiesvo different approaches were useth the first simulation
demos, the Sumo traffic simulator wasnnected tothe open controllerdirectly by usinghe Traci
interface. We demonstrated the management offtra at the option zone in the plenary meeting in
Nice October 2024. In this simulatitimere were V2X vehicles approaching the traffic signals while
open controllerwas looking for the optimal moment to end theegn signal. As soon as open
controller decided to terminate the green, thehe active management of safety in the optiaonne
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was started. If more than one vehicle existed at tiption zone, then opeontroller chose a pair of

vehiclesfor safety action. The open controller started a sgfextension of the greengmalin order

to get time for thetraffic safety managemenDuring this safety extensigothe open controller sends

I aat2g R2oy¢é O2YYIl YR sédettedivéhBle dair. This S/aith® Gal betveel 2 T |
the two vehicles starts increasisg that itmakessafe for the first vehicle to go through and the latter

vehicles to stop safelst the red signal. The sdfeextensiorlastsas long the safe gap has been created

or a given maximum time was exceeded.

R

WL 1
e T

L]

Figure 3.3.3: Simulated §afety functions: the yellow and red cars are connected to the same swarm, red cars are getting
G6at2¢ R26yE AYyadNHzOGAz2y 6KSNBlIa (GKS aINBSy SEGSyarzy R

The other type of simulation experiment consists of components that are similar to the field setting
(Figure 3.3.3). Firstly, the simulation is separated from the signal control. The simulation program is
controlled by a software called simulation engifidie simulation engine runs a given scenario e.g. a
given intersection of the test area. To the simulation engine, one can configure detectors, radars and
Alcameras, which generate messages similar to the ones coming from the field equipment. Then the
nextcomponent to configure is called traffic indicators. This artefact reads the raw data from various
sensors and provides such traffic indicators to the open controller, which it needs for optimizing the
signal control. Finally, the open controller reads thaffic indicators like queue lengths, approaching
traffic flows, vehicles at the option zone etc. Based on these indicators, the open controller makes it
decision about signal timing using so called smart extender. The smart extender is a componient whic
decides how long a signal group that has got green can extend it. In contrast to the prevailing systems,
which extend the green based on gaps between vehicles approaching the green signal, the smart
extender looks also the length of all those queues,clwhionflict with the current green signal.
Therefore, the signal timing is based on holistic understanding of the traffic situation, while still being
distributed among a swarm of individual signal group agents. Regarding to the V2| use case, a similar
sakty green extender was used than in the case of integrated simulation. However, a new software
component called safety green extender was added to the swarm. The safety green extender receives
messages from the approaching V2X vehicles including data aleditles position, speed and
distance the vehicle in front. Based on this information, the safety extender decides whether to
continue the safety green or terminate it. This information is sent the open controller, which in turn
controls the actual signgroup visible to the approaching vehicles. Meanwhile, if the safety extension
Ad az2yé GKS al ¥SiGé SEGSYRSNI aidl NIa aSyRAy3I daaft 2¢
the safety gap between successive vehicles. If sufficient gap was reabbadht safety extender
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sends a message to open controller to terminate the green signal. It should be emphasized that the
distributed simulation approach is much closer to the reality than the integrated simulation.
Therefore, most of the technical and practical challenges ediaded already in the simulation phase.
When moving to the field demonstration, basically only some channel names needed to be changed
so that the safety extender listens to real V2X car data and talks to the real signal controller in the
field.

The simulation studies were used to obtain the results defined by the KiRdstesults show some
20% reduction irtotal delays (K5B.2vhich indicates improved traffic performance when the signals
were controlled by using the open controlléthe resuls are in line with the goal set in the project
proposalin which the goal was set to 20%figure 3.3.4 at low trafficdemand,the redudion of total
delay was around 14% and with high traffic demand it was aroufsl. 33

Low traffic demand: * High traffic demand:
* Average improvement is 14% * Average improvement is 33%
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Figure 3.3.4: The effect of Open Controller to the total delay

The demonstrated V2kchnology was aimed maingt improvingtraffic safety,especiallyreducing
the number of reatend collisions.The simulation results indicated that the likelihood of read
collisions was significantly reduced by the saftyender using V2¥chnology.The picture below
shows the time to collisio(K5B.1)n two casespamely at the start of safetgreen extensiofTTC1)
andat the end of the safety green extensi¢RTC2)FromFigure 3.3 it can be seen that without the
V2X safgt extender the TTC at the end of green signal can lyghimg from 0.8 to 2.3 seconds which
is considered a ristif rearend collision. However, after the safety green was activated time to
collision (TTC2host oftenreaches3 secondswhich is generally consideredsafe traffic situationin
cases of less than:condsthe vehicles most likely exited the optieaonebefore the optimal TTC
was reached. In average the TTC was increased by d@@fared to the situation withouthe safety
extension
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D6.2 Final validated SmartEdge solution SmatEdge GA 101092908

The effect of V2X safety extender on
Time to Collision (TTC)
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Figure 3.3.5: The effect of V2X safety extender on the risk eénebcollisions (K5B.1)

The field demonstration was carried out in the Jatkasaari test area in one dedicated intersection (266)
for this purpose (Figure 3.3.6). A V2X roadside unit (RSU) was installed and attached to the bridge
under which the junction is located. The vehiclesavarriving from a long straight ramp towards the
intersection, which was a suitable scenario for the demonstration for reducing thesrehcollisions.

We used three instrumented and connected vehicles owned by the Aalto University (Figure 3.3.7). The
equipment needed for various SmartEdge demonstrations was purchased by the university using its
own budget (V2Xnboard units, lidars, sterecameras etc.).
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Figure 3.3.6: The Jatkasaari test area as part of the Mobility Lab Helsinki. The area is equipped with 17 radars/camera units

and access to signal control.

Eachcar was also equipped with display to indicate trstatus of the demonstration. Thedisplay
indicated the number of satellites available, connectivity through the Yi@Kber of cars in swarm

etc. During the actual demonstratishK S RA & LX @ AYRAOF 6 SR i{iMnBee&i I G S 2

GDNBBylETESGe DNBSyé¢d 5dzNAYy3d (KS al FSae amBSE¢gsail i
R2g6y¢ YSaal3asSz A i Kkgmand WRheri tReitraff® Nignal btafted to\cBaRge @ |
green(amber) dl three vehicles started to move froenfixed location (200 meters from theogt line)

The safety extender started to measure the distance between the vehicles. The vehicle approach with
short dstance on purpose, becauseénenthe safetyextender kicks in (controller thinks it is time to
terminate the green), then the safegxtender detects the situation anstarts creating wider gap
between the two last vehicles.
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Figure 3.3.2: Aerial video footage of the intersection and the info panels in the vehicle. The red test vehicle (in focus) is
3SGGiAYy3 (KS aat2é R2eyéE AYyailiNHzOlAz2zy 6KSNBFa G(KS OF NR

¢tg2 TFTANRG OSKAOtSa NBOSA@GSR YvYSaal3asS a{lFSie 9EI
ardyrtoe {AyO0S GKS flraid OSKAOES 3ASiGa GKS a{f2g 572
gap to the car in front (Figure 3.3.7 and Figure 3.X8ice the safe gap was reached (ca. 30 meters),
then the safety extender sends a message to the signal controller to terminate the green signal. As a
result, the last vehicle stops safely at the stop line. This demonstration was repeated several times to
give all the audience to be in action in the last vehicle (VW Caravelle minibus). Some extra round had
to be made, since the other traffic was occasionally too heavy and we could not create the traffic
situation we wanted). All in all, the field demonsiat was successful and demonstrated how a
swarm of agents like the three cars, traffic controller and the safety extender carried out the expected

operation in live traffic.

Figure 3.3.8: Slow down info panel operation in a test vehicle
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3.3.5. Ongoingand futurework

Although the final UC2 demonstration validates the technical feasibility of the SmartEdge approach
for smart vehiclgo-infrastructure interaction, the work does not end with the project. The
consortium partners intend to carry key UC2 results beyond tireeat maturity level reached in
SmartEdge and to continue their development towards more robust and operational solutions. This is
particularly relevant because the final demonstration environment was already complex: it combined
live traffic, real roadsie infrastructure, and dependencies on external city systems that were only
partly under the control of the project. In addition, unexpected roadworks and other practical
constraints in the test area limited the scope of what could be integrated into tlaén riive
demonstration. As a result, several artefacts and supporting capabilities were validated separately, or
in partial integration setups, rather than as part of one ¢aeend operational chain. The project has
nevertheless established a strong bdsisfurther work, and the next steps are now clearer.

From the perspective of continuous semantic integration, UC2 has demonstrated a working solution
for semantically enriched traffic scene understanding and interoperable data exchange across
heterogeneous sensing and processing components. The Smart Taftibgy, RDBased stream
generation, graph stream processing, and knowledggphbacked deployment mechanisms provide

an effective foundation for representing intersection infrastructure, traffic actors, and processing
outcomes in a unified manner. Hewer, this should be seen as the beginning rather than the endpoint
of the work. Further development is needed to broaden the semantic coverage of the models, improve
tooling for largescale operational maintenance of traffic knowledge graphs, and strengdhoduct

grade integration with city traffic management systems and tpiadty smart city platforms. The
approach is considered promising also beyond the project itself, as it directly addresses the persistent
data silo problem found in current smartycideployments. On this basis, follewp initiatives are

being prepared to mature these semantic interoperability results into maokented solutions for
infrastructure operators and smart mobility service providers.

Regarding dynamic and secure swarm networking, the project has generated important lessons on the
practical applicability of V2¥riven swarm formation in connected traffic environments. While the
SmartEdge WP4 artefacts demonstrated automatic discovevgrms coordination, programmable
network security, and hardwaraccelerated roadside processing, the specific type of dynamic vehicle
co-joining originally envisioned for swarm formation proved difficult to realize in a sufficiently robust
way within the U@ operational constraints. For this reason, the final live demonstration did not rely
on full dynamic vehiclside swarm formation in the way initially foreseen. More work is therefore
needed at both research and standardisation level before such mechamiambe deployed in real
connected vehicle services with the required reliability, interoperability, and safety assurances. At the
same time, the project opened another promising direction: instead of focusing only on vehicles as
swarm members, dynamic sasm formation may also be exploited on the infrastructure side. For
example, sensing and processing nodes at one intersection could temporarily join the swarm of
another intersection when traffic conditions, incidents, or local sensing limitations makecsogs
intersection cooperation beneficial.

The WP4 work also revealed several hardwageeleration paths that remain highly relevant for
future exploitation, even though they were not fully incorporated into the final UC2 live pipeline.
These include the intelligent roadside unit, the street istmtion edge unit, LiDABtiented edge
acceleration, imetwork support for LIDAR frame transmission, aneétwork anomaly detection

and security functions. Separate evaluations reported in WP4 indicate that these approaches can
significantly reduce latecy and improve robustness for daitstensive roadside intelligence. For UC2,

this creates a concrete engineering roadmap: future work should combine the semantically integrated
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traffic scene pipeline with hardwaraccelerated sensor fusion, optimized data paths, and roadside
security mechanisms in a more tightly integrated field setup. This is expected to be particularly
important for scaling the solution from one demonstratignarsection to larger urban deployments
where the number of sensors, traffic participants, and simultaneous events increases substantially.

The lowcode and runtime aspects developed in WP5 also point to important -agect
opportunities. In UC2, the SmartEdge Runtime, task orchestration mechanisms, dynamic knowledge
graph, semantic deployment support, and data fusion components demondttatg traffic scene
understanding,and edge intelligence workflows can be deployed and adapted with a significantly
higher level of abstraction than in conventional infrastructure integration projects. A further step was
reached in early 2026, when -Ahabled data processing with losode deployment and the
SmartEdge architecture was implemented in a form that demonstrated the technical feasibility of this
approach in the UC2 context. However, technical feasibility alone is not sufficient for operational
adoption. Additional work is required to package these capabilities into deployable products, harden
lifecycle management, simplify operational configuration for infrastructure operators, and align the
solution with procurement, maintenance, and support egfations of the smart mobility market. In

this respect, Hivelntgspinoff from TUBand Conveqs are continuing activities aimed at bringing these
low-code and semantic traffic processing solutions closer to market.

Another important strand of future work concerns privgumeserving trust and reputation
management for road users and mobile sensing participants. Within the project, simulation studies
and protocol design work were carried out for an anonymous reputatiptiate approach intended

for crowdsensing and trafficontrol swarms. The protocol draft documented in the anonymous
reputation material shows how reputatiebased assessment of sensing reports could be achieved
without compromising user anonymity or ebplang straightforward linkage between reports
submitted over time. This is a potentially significant innovation for intelligent transport systems,
where trust in distributed observations is needed but direct exposure of user trajectories and
identities woud be unacceptable. Although this functionality was not part of the final UC2 live
demonstration, it represents a strong candidate for future development, especially in scenarios
involving cooperative sensing, road hazard reporting, or other distributgtidrintelligence services.
Convegs intends to continue work on this direction beyond SmartEdge.

Finally, the project has also produced promising results concerning virtual environment development
and simulatiorsupported validation. During SmartEdge, UC2 collaborated with UC1 both in data
exchange and in the use of the simulation platform, based derascopic traffic simulation, as a
source of controllable traffic data and visualization support. This cooperation suggests a broader
future opportunity: the same approach used for vehioléented simulation and visualization could
also be extended to adside sensors, such as cameras and infrastrudtased perception systems,
including the study of their behaviour under different weather, lighting, and operational conditions.
Such a capability would be valuable for development, benchmarking, and segréssting of smart

city intelligence solutions before deployment in live intersections. At present there is no separate
active project dedicated to this path, but the experience gained in SmartEdge indicates that it is a
promising direction for futuregsearch and engineering work.

Overall, UC2 has validated a substantial set of SmartEdge building blocks for smart traffic
infrastructure, but it has also clarified where further maturation is needed. The semantic integration
results, the runtime and lowode deployment concepts, the fdware-accelerated roadside
processing path, the anonymous reputation approach, and the simulstipported development
workflow together form a coherent pogiroject agenda. The next phase is therefore not to repeat
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the same demonstration, but to industrialise the most promising parts of the solution, strengthen
those elements that were only validated separately, and move the UC2 results towardsdeatgr
more dependable, and commercially relevant smart mobilgpldyments.

3.4. UseCase3: SMARFACTORMOBILRROBOTIE

3.4.1. Introduction

Use Case 3 demonstrates and measures the application of the SmartEdge toolchain within a smart
manufacturing context, focusing on the coordination of manufacturing edge sensors, semantic
processing components, and distributed orchestration mechanisms in automated environments. The
final UC3 SmartEdge artefacts are integrated and validated across both a dedadadéd research

lab and a live production setting, enabling controlled experimentation alongside realistic KPI
measurement under authentic indusat conditions. Both demonstrations and KPI evaluations are led

by Dell Technologies in Cork, Ireland.

The UC3 scenario centres on prodteindling and intrefactory logistics workflows, including AMRs
that transport pallets between predefined operational zones and UR robot arms performing product
manipulation tasks. The manufacturing environment is inh#yerdynamic, characterised by
temporary obstacles, movable infrastructure, and the presence of human operators. Addressing such
variability requires continuous environmental perception, contextual reasoning, and adaptive
coordination across heterogeneouswces.

Within UC3, SmartEdge components are deployed across these environments to demonstrate
coordinated perception, swarm formation, and declarative workflow execution, while simultaneously
capturing and analysing authentic AMR activity without interfering veitisting industrial control
systems. This enables KPI measurement to be derived from genuine operational data, complementing
controlled validation and integration activities.

The innovation of UC3 lies in the introduction of shared semantic representations of the
manufacturing environment and the low code methods in training new image detection models for
image sensing. Rather than exchanging raw sensor streams, SmartEdgeiatensémantically
enriched descriptions of detected objects, spatial relationships, and operational states. These
representations, grounded in SmartEdge semantic models and continuously updated through WP3
mechanisms, support structured querying and higlevel analysis of logistics processes.

Dynamic networking capabilities developed in WP4 enable distributed edge devices to discover one
another and exchange contextual information securely, while WP5 tools allow manufacturing
workflows to be defined declaratively and executed across the systegether, these capabilities
illustrate how SmartEdge functions as both an analytical augmentation layer for existing
manufacturing operations and an orchestration framework for coordinated robotic deployments.

UC3 therefore provides a unified validation scenario in which semantic integration, distributed
coordination, and edgéased analytics are exercised across realistic industrial conditions, supporting
measurable improvements in AMR coordination, blockagendliag, and overall operational
efficiency.
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3.4.2. Objectives and KPIs

The KPIs of UC3 measure how SmartEdge semantic perception andasggkanalytics can identify

and quantify inefficiencies in driven logistics workflows within a smart manufacturing environment.
The evaluation of UC3 is structured around two distinctri@dsurement focuses. The first relates to
identifying unnecessary AMR movements arising from incorrect task triggering, specifically in
scenarios where robots are dispatched to collect pallets that are not physically present. By combining
visual perceptiorwith semantic interpretation, SmartEdge enables the detection of such false pickup
events and supports the estimation of avoidable system inefficiencies.

The second KPI focuses on obstaelated disruptions within AMR operating zones and the
guantification of potential reductions in response time achievable through enhanced situational
awareness. By detecting and classifying fpaliet obstacles within th environment, SmartEdge
provides the basis for estimating improvements in obstacle resolution workflows.

The objectives of UC3 are evaluated using the following Key Performance Indicators:

KPI ID KPI Name | Description Measurement Context Result

Improved Scene Understanding | The number of fals An average of 12 fals

AMR used measure the numbg moves versus thg
K5C.1 . moves per 6 hou
movement | of events AMR pickup wd correctly captured .
. ) window captured
efficiency. not required. false moves.
Reduced Assesses the reduction
blockage manual interventiond Count of humarl AMR obstacles ar
K5C.2| removal for| required to  resolveg interventions  during identified in the AMR
robot blocked paths o| AMR operations charging area.

operators navigation issues

The KPI evaluation in UC3 is based on the analysis of operational data collected from the production
environment, combined with SmartEdge perception capabilities to identify and quantify inefficiencies.

3.4.2.1. Deployment in production area

Ly GKS OdzNNByid LINRPRAzOGA2Y SyBANRYYSYld !awQad Y2¢
locations on other side of factory floor. The AMRs home position and charger are positioned in an area

of open infrastructure (open factory) with corporate cotgron IT deployments, uncommon or unique

objects (for image detection) and varying traffic (human and automated industrial equipment). This
deployment of SmartEdge artefacts in this production area had prerequisite restrictions for security,
location of deices, and connectivity. To meet the prerequisites for we used overhead cameras as
sensor nodes connected wirelessly to local compute, this is illustrated in the figures below.
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Figure 3.4.1: Deployment environment for KPI data
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Figure 3.4.2: Abstracted representation of sensing coverage and monitored AMR zones used for KPl measurement, including

camera placement and edge processing points

As illustratedErrore. L'origine riferimento non é stata trovate see camera sensors were able to
capture scene data from the overhead perspective only with required networking and power on a
nearby pillar. Overhead camera perspective only showed limited field of view hence 4 cameras were
deployed to cover the full avking area (lane) for the AMRs. Full hardware and artefacts used within
the use case are further described in the demonstrations. The Iiri@re. L'origine riferimento non

e stata trovatashows the perspective from a combined view over one lane, it is showing the predefined
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pallet dropoff locations marked with dash red line boxes, pallets are deposited in the appropriate AMR
working lane to be moved to predefined area in manufacturing area. We note the cameras have an
overlap that allows multiple point of inference on 4 gtalbcations but as these are represented
semantically and image detection for overlapping areas provided further value in multiple sensors on
one working area.
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Figure 3.4.3: View from overhead cameras

To train the image detection within the scene understanding we collected raw image datasets as seen
from AMR area. Once this was used with the innovative Smart Annotation tool it allowed for the ability
to quickly generate an image detection model spetifihe area; further described i&). Once this

image detection was deployed within the compute device as part of scene understanding it correctly
detected pallets and other objects within the camera \E&#vare. L'origine riferimento non & stata
trovata, highlights the detection of humans and other objects separate to pallets. The annotated data
and pipeline flow is also further descriled
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m

Figure 3.4.4: Scene Understanding in KPIs
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3.4.2.2. KPI Analysis

KPI analysis leveraged multiple SmartEdge architectural components to enable comprehensive data
collection, semantic annotation, and quantitative analysis. Data was collected ovemartivoperiod.
Manufacturing Scene Understanding artefact served aptineary data processing pipeline for this
phase, this deployment performed the following functions:

1. Data Ingestioncapture data from camera sensor nodes

2. Annotation and Localizatiorprepare data for model layer and leverage mapping module to
estimate position and other spatial features of detected objects

3. Inference- execution of models on incoming data

4. Semantic Conversion Transform and construct feature graphs for each model output and
insert into the knowledge base (Thidgscription Directory)

The Thing Description Directory (TDD) (A3.3) and Semantic Middleware (A3.2) were utilized to construct
a comprehensive scene graph representing theaase deployment area. This scene graph enabled:

1 Semantic InteroperabilityStandardized representation of all entities within the operational
environment.

1 Relationship MappingExplicit connections between AMRs, pallets, spatial mapping and
sensors.

1 Query CapabilityStructured access to temporal and spatial event data supporting KPI analysis

A dedicated query script was developed to extract relevant data from the Thing Description Directory.
The query mechanism was designed to: a) identify False Pickup Events: Filter scene graph data for AMR
movements matching the false pickup event signatoyeAggregate Operational Data: Compile
intervention events and journey time measurements.

3.4.2.3. Results

Over an analysis snapshot sample during AMR operation, we saw a significant portion of time spent
(~20 minutes) in a falggickup event state, spending thirty seconds per event, preforming unnecessary
movement. This demonstration highlights the potentfficiency and impact on journey time gained

by implementing SmartEdge technologies in awneald manufacturing environment, supporting more
accurate identification of tasks through semantic scene understanding.

Table 3.4.21: UC3 KPI AnalysidMetadata

Parameter Result

Analysis Start Time 2026:02-27 11:02:05
Analysis End Time 2026:02-27 17:04:31
Total Snapshots captured (frames analyzed) 9,187

Duration 6 hours 2 minutes

Table 3.2-2: UC3 KPI AnalysiScene State

Operational State Percentage (%)
AMR at home position (Charging bay) 11.8

Pickup Available (pallet in pickup zone) 30.11

Previous Pickup (Dropoftmogress) 75.62
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Table 3.42-3: UC3 KPI Analysifalse Pickup stats

Metric Value

False Pickup Events 12

False Pickup time 20.83 minutes
Mean/Median duration per event 104.3/31.0 seconds

The scenainderstanding pipeline is used to identify obstacles within the AMR working area using
overhead camera feeds. In the UC3 setting, this supports the detection of objects left in paltdt drop
locations while the AMR is operating in other paftfie workflow. In this way, the system can provide
advance awareness of blocked locations and support the alerting of a human operator before the AMR
returns to the affected area.

During the measurements, the scemederstanding component was able to correctly idenily
trained obstacle events captured in the monitored area. In the observed sa#npla,of 5 obstacle
instances were detected successfully without issue. The remalinilgstacle were not reliably
detected, which was attributed to limitations in the available training data for certain object types,
together with challenging object pose and partial visual ambiguity within the s8ednwing and
viewpoint effects redced the confidence of the object detection model for some obstacle
configurations.

To improve sensitivity to previously unseen or weakly represented obstacles, a fordgmokgrbund
modelling approach was also evaluated. This provided an additional mechanism for identifying
unexpected objects introduced into the working area. Howeiés, method was more sensitive to
environmental variation, including changes in lighting conditions, shadow movement, and human
activity passing through the monitored zone, which increased the likelihood of false detections. The
results therefore show thatcene understanding can provide useful early identification of obstacles in
the AMR dropoff area, but also that robust deployment depends on improved training coverage and
careful balancing between objegpecific detection and more general chafiggection methods.

These results provide the functional basis for K5C.2, which evaluates the reduction in-ohsiacts

time within the AMR work area. Successful early identification of obstacles through scene
understanding allows an operator to be informed before the Ad&ns to the blocked location,
thereby reducing the period for which the obstacle remains in place. In this respect, SmartEdge
contributes not by physically removing the obstacle, but by improving the timeliness of awareness and
enabling earlier interv@ion. The partial detection performance observed in the current deployment
indicates that this benefit is already achievable in a subset of cases, while also showing that improved
model coverage and robustness are needed to realise the KPI more colysistent

3.4.3. Technologies of UC3

The UC3 demonstrations are enabled through the integration of the SmartEdge toolchain, comprising
a coordinated set of artefacts that support loade annotation for semantic scene understanding,
swarmhbased coordination, and workflow orchestration acrdistributed edge devices. Within the

Dell manufacturing use case, the SmartEdge toolchain is applied to smart manufacturing scenarios,
where sensor nodes, semantic processing, and coordination mechanisms are brought together to
support the UC3 demonstrans.
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Errore. L'origine riferimento non & stata trovatammarises the SmartEdge artefacts utilised in UC3,

including their identifiers, ownership, and functional roles within the use case.

Table 3.43-1: UC3 SmartEdge Artefacts

Identifier | Owner Artefact Role in UC3
Provides the common semantic structures used to
SmartEdge o . : .
A3.1 SAG . represent entities, observations, and relationships in
Semantic Models
UCs.
Mlddlewa_re with Enables interoperable access to data and services
Standardized ; L
A3.2 SAG . across heterogeneous devices participating in the U
Semantic .
demonstrations.
Interfaces
Knowledge Graph| Stores and exposes semantic descriptions, contexty
A3.3 SAG | Repository information, and queryable knowledge used in the U
including TDD processing flow.
. .| Transfers semantic scene information between node
Streaming Media . )
A3.11 Dell Service to support shared environmental awareness in the u
case.
Access Point Supports swarm connectivity and node access
A4.1 CNIT management within the distributed UC3 network
Manager
setup.
Swarm Manages swarm membership and coordination logi
A4.2 CNIT . participating edge nodes in the demonstration
Coordinator .
environment.
Swarmnode Provides noddevel swarm communication and
A4.3 CNIT supports participation of distributed devices in the
Manager .
coordinated setup.
Supports programmable forwarding and controlled
Ad.4 CNIT | P4 Switch network behaviour within the swarm communication
layer.
Distributed
Database for Maintains networkrelated swarm state and shared
A4.5 CNIT s . .
Network coordination information across participating nodes.
Information
Manufacturing Performs perception on manufacturing imagery to
A5.1.2.2 | Dell Scene detect pallets, obstacles, and other relevant objects
Understanding UCa3.
A531 | TUB Swarm Adaptive | Supports adaptive coordination decisions across
e Coordinator distributed nodes within the UC3 swarm setup.
Manages taskevel orchestration and coordinated
A5.3.2 TUB | Task Orchestrator| execution of distributed functions in the UC3
demonstrations.
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SmartEdae Provides the runtime environment for executing
A5.4.1 | TUuB t=dg coordinated SmartEdge functions across the UC3
Runtime
nodes.
A5441| TUB | Model Builder Supports prepa_ratlon and training of models used in
the manufacturing scene understanding workflow.
Swarm Provides visualisation of swarm behaviour and
A5.4.45 | W3C ) o coordinated system activity in the UC3 demonstratio
Visualization .
environment.

Adaptive Swarm Dell
Coordinator | 125K c;g:r;e;trator ”
A53.1 2 5200
Boi ‘ " Distributed
Access Point P4 Switch | pell database Network | Swarm Co-ordinator
Manager e i 4.2
Ad4 | & Edge Info Ad
Ad41 | A45
=" | 5200 :
™\ m £
Swarm Node P4 Switch P4 Switch | Swarm Node P4 Switch | Swarm Node
Ad3 Ad4 [ P Ad4 ‘ ,__-:‘ A43 Ad4 | ,__-:‘ Ad3
|- - (o=
SmartEdge SmartEdge SmartEdge
Runtime Runtime Runtime
' A54.1 ' A5.4.1 A5.41
Sensor Sensor "
(Camera) al_lj Edge [Camera) aj Edge AMR/UR Arm
e o A =
A A
_ -
1 TDD - )
5 A33 l
Media Stream Manufacturing (Includes
Processor Scene A3.1)
A5.11 Understanding
A5122 l
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Custom Al Streaming Zenoh
Raw DataSet Image detection Media Service,  Router
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Edge Compute
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Server

Device

Figure 3.43-1: Usecase 3 Diagram of artefacts

Errore. L'origine riferimento non é stata trovagammarises the SmartEdge technologies used in UC3
and their integration within the robot lab demonstrations. At the edge layer, distributed sensor and
device nodes, including camezguipped Raspberry Pi platforms and the AMR/UR arm node, execute
the SmarEdge Runtime together with swamode and programmable networking components. These

53



nodes are connected through the WP4 swarm networking layer, comprising the Access Point Manager,
P4 Switch, Swarm Coordinator, Adaptive Swarm Coordinator, and distributed network database,
deployed on Dell Edge 5200 platforms. Visual data captured frorsetior nodes is processed
through media stream handling and the Manufacturing Scene Understanding artefact, where custom
Al object detection and other inference models generate semantically enriched observations. These
outputs are stored and exchanged dbgh the semantic layer, centred on the Thing Description
Directory and Streaming Media Service, enabling interoperable data sharing across the swarm. Finally,
orchestration and monitoring are supported by the Task Orchestrator and Swarm Visualisation
components, which together provide coordinated execution and systeel visibility for the UC3
demonstrations.

3.4.4. Demonstrations and validation

The UC3 demonstrations were conducted in a dedicated robotic laboratory environment at Dell
Technologies in Cork, Ireland. The lab provided a controlled space for integrating and validating the
SmartEdge artefacts in a representative smart manufacturingpse

The demonstration environment includedcaistom made scaled down AMBR UR5e robotic arm
controlled via swarm nodeoverhead camera sensausing raspberry Pandcompute devices nearby
racks and larger dedicated integration environment used by SmartEdge parsess in below
Errore. L'origine riferimento non é stata trovata.

Overhead
camera Sensors

_— "'l Dell Ruggedized

— tablet

Edge GW 5200 ‘4% I ll

Edge Server ~ 4 = TN "" URS5e Robot Arm
Rack

» .- g *. m' N :‘ FA -~

A 1 N

' // - 1‘: .“ AMR % scale SN

Manufacturing | S
Pallet \ :

Aruca Marker

Figure 3.44-1: Dell Robot Laboratory

The demonstratiortentersaround how devices handle tasks in srmanufacturingenvironments.
We segregate the demonstrations into 3 parts.

a) Smart Annotation and Scene Understanding
b) Dynamic Swarm Networking and Orchestration
c) 2.5D Swarm Visualisation

Smart Annotation and Scene Understanding
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This demonstration addresses the preparation of custom datasets and the deployment of scene
understanding models for manufacturing environments. Unlike public image datasets, factory
manufacturingenvironments contain domaigpecific productslogistictools (e.g. pallets, disk drive
racks) and viewpoints that are not consistently represented in genptaipose training data. As a
result, object detection models require custom annotated datasets in order to achieve reliable
performance under deploymergpecific conditions.

To reduce the effort associated with dataset preparation, UC3 uses the Smart Annotation tool
developed within the SmartEdge levode toolchain. The tool extends the opeaurce Labellimg
application with an assisted annotation layer based on a YOLOV9 detectabling preliminary
bounding boxes to be generated automatically and then reviewed or corrected by the user. In this
way, annotators refine machingenerated proposals rather than performing all annotation manually
from the outset.

This semautomated approach significantly reduces the manual effort required to prepare training
data for downstream object detection models such as YOLO and EfficientDet. In the UC3 setting,
annotation time was reduced from approximately 30 seconds pexge to 6 seconds per image,
corresponding to an 80% reduction in manual effort. For a typical manufacturing dataset of
approximately 2,000 images per object class, this reduces annotation effort from 16.67 hours to 3.33
hours per class. In multiass scearios, this provides a substantial reduction in engineering effort and
supports faster iteration as production conditions, product variants, and visual characteristics evolve
over time.

The resulting annotated datasets are then used to train manufactispegific sceneinderstanding
models, enabling SmartEdge to detect pallets, obstacles, and other relevant entities within the
demonstration environment. This provides the perception foatioh for the subsequent
demonstrations on swarm coordination and visualisation.
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Step 1: Choose object detection model Model is now being loaded into tool

Annotations are being generated on new data automatically 2: Choose directory for new data

Step 3: Verify bounding box annotations Edit lables, if needed

YOLO Annotations have been saved to directory

Figure 3.4-2: Smart Annotation Tool operation

Demonstration validationTo enable scene understanding correct datasets are needed at the model
building input. Image detectionsesimage datasets that need to lmnotated,and this raw data is
typically handled manually one image at a tirer themanufacturing environment withiSmartEdge
usecase 3 we note the current manufacturing AMRs had issues correctly identifying when a pallet was
ready to be picked up or if it was a type not correctly identified by the lidar sensor. Lidar laser was
being absorkd byblackplasticpalletstriggeringthe AMR to abortaction of moving the pallefThe

use of the Smart Annotation tool created a viable solution to an environment with products not
previously trained using custom data sets. The demonstration shows how the Smart Annotation tool
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facilitated image training to be done with the pallets being occluded by boxes for delivery and other
pallets in the working area. This allowed custom models to be created quickly within a dynamic image
model.

The use case demonstrates the innovation to quickly create custom models with correctly annotated
data for custom products and tools. The operation of the tool is seé&mriore. L'origine riferimento

non e stata trovata.and the process of creating annotated images is seek&riore. L'origine
riferimento non e stata trovata.

_Smart Annotation Tool
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Figure 3.44-3: Smart Annotation Pipeline
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Scene understanding:o build a digital representation of the work environment to aid route planning
and scene state, we demonstrate the Manufacturing Scene Understanding artefact (A5.1.2.2). The
implementation details for this artefact are described in D5Bnal implementation of loveode
programming tools for edge intelligencerith regard to UC3, this component supports several key
activities which are detailed below.

For the UC3 demonstration, three primary models are deployed with the scene understanding pipeline
1) Object Detection 2) Foreground/Background Change detection 3) QR/ARUCO Marker detector.
Within the demo area we have deployed a series of camera nodehwigest image data, each input
frame is analysed and transformed to a semantic gréBlure 3.4.44) Each model graph is fused

prior to being inserted into the Thirdescription directory (A3-A3.3), this allows us to aggregate and

link related featues and model relationships within the scene. This semantic scene graph primary
supports autonomous nodes in route planning, localization, and task execution

Pipeline_1
—— Object scene
model

ROF Text File

Pipeli 2
e *] Data-stream
* QR Detection | - » fusion — Al {
k
model ﬁ - = .
: ROF Text File ' ) T r

Scene Graph Overlay

a Pre
: ﬁ - processing
1 2 seript

Input Frame

—— =

Pipeline_3 RDF Scene Graph
,| Background/ | ]

Foreground IEZII

Detection
ROF Text File

Figure 3.44-4: Scene understanding shows the 3 models pipeline example.
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Dynamic Swarm Networking and Orchestration

This demonstration illustrates how SmartEdge coordinates distributed devices as a functional swarm
within the UC3 robotic laboratory environment. Building on the outputs of the scenkerstanding
pipeline, the demonstration shows how semantic events gatezt at one node can be shared across

the swarm and used to trigger coordinated behaviour by other participating nodes. In this way, UC3
moves beyond isolated perception tasks and demonstrates how distributed sensing, communication,
and orchestration cand combined to support responsive task execution in a smart manufacturing
setting.

Within the demonstrated workflow, cameffaased scene understanding is used to detect task
relevant conditions in the work area, including the identification of tagged objects associated with the
UR arm station. Once a relevant object or state change isctkd, this information is transformed

into a semantic representation and made available to the SmartEdge toolchain. The swarm networking
layer then enables this contextual information to be exchanged across participating nodes, while the
orchestration lagr determines the corresponding task flow to be executed. This creates an-event
driven interaction model in which perception outputs are not treated as passive observations, but as
inputs to coordinated swarm behaviour.

From a networking perspective, the demonstration uses the WP4 swarm components to maintain
connectivity and node participation across the distributed setup. The Access Point Manager, Swarm
Coordinator, Swaramode Manager, P4 Switch, and distributed databasllectively support swarm
formation, state management, and controlled communication among the participating devices.
Within the UC3 lab environment, these mechanisms provide the nettewdd basis for allowing
camera nodes, edge compute, the AMR naale] orchestration services to operate as a coordinated
swarm rather than as isolated devices.

With the Smart Nodes connectad the WiFi network,they would belisted in the default swarm
(Swarm O)waiting to be called by th&warm Coordinatgrwhich upon receiving request from the
Swarm Adaptive Coordinatoxould ask the nodes to join the requested swaithe Swarm WelsUI
(Figure 3.44-5) shows the current status of the nodiesmultiple swarm and can be used to send join
and leave request to the nodes independently from the Swarm Adaptive Coordinator for
demonstration purposesThe GUI displays the data stored in the ART and Swarm tables from the
Distributed Database for Swarm Information.

€ C @ localhost8000 4
Swarms Network Management Dashboard
m ART Nodes Available Swarms

Node Details
Swarm Members
UUID: SN00000S

Current AP: AP02

o _

Figure 3.44-5: Swarm Coordinator Network GUI
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The GUI screenhot iRigure 3.4-5 shows five main paristhe left most part is thenavigate pane
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Figure 3.44-6: visualization o node in Swarm (&) and after joinning swarm 1 (b) and the change in the ART

Figure 3.44-6 Demonstrates and example of a node connecting to an Access(®partd obtaining

and IP address from the Swarm 0 IP range, meaning that the node is reachable by Swarm
Coordinator but is not yet active in a swarAfter the Swarm Coordinator asks the node to join and
the node successfully joins, it obtains a new IP address from the Swarm 1 range and is able now to
communicate with the rest of the nodes in the swaamd can share its capabilities.

At the orchestration level, the demonstration shows how Rigvel task logic can be executed across
heterogeneous nodes once the relevant semantic condition has been established. The Swarm
Adaptive Coordinator, Task Orchestrator, and SmartEdge Runtimpoduthe selection and
execution of distributed functions, enabling sensing, reasoning, anerédated actions to be aligned
within a single demonstration flow. In the UC3 scenario, this is reflected in the coordination between
the camera node observinge UR work area, the semantic processing pipeline generating structured
context, and the mobile platform or associated nodes reacting to the resulting swarm event. The
significance of this demonstration lies not only in the triggering of a single abtibm showing that
SmartEdge can bind perception, networking, and execution into a coherent-dvigah workflow.

From a validation perspective, this part of the use case demonstrates that SmartEdge can support
distributed coordination in a manufacturirgriented swarm where devices may have different roles,
capabilities, and physical locations. The result is a nlextbie operating model in which additional
sensors, processing nodes, or mobile devices can be introduced into the swarm to extend the overall
capability of the system. In UC3, this provides the basis for responsive task handling, coordinated
execution aoss nodes, and clearer integration between semantic perception and operational
behaviour in the robot laboratory environment.
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Figure 3.4-6; Custom AMR and UR Arm

2.5 Scene visualisation

The 2.5D swarm visualisation in UC3 is based on the SmartEdge Swarm Visualization artefact (A5.4.4.5)
and provides a webased representation of the manufacturing environment and the coordinated
behaviour of participating nodes. Using an isometric 2.5vyvie visualisation presents mobile
platforms, pallets, work areas, and relevant infrastructure as interactive elements, allowing users to
observe task progression, node positions, and coordinated activity in a more intuitive form than low
level logs or rassage streams alone.

In addition to showing swarm state, the visualisation also incorporates an occupgadcy
representation of the monitored environment. This enables detected obstacles to be mapped into a
shared coordinate space and rendered as occupied regions withinahidng area, while free space

is represented as traversable space for AMR movement. In the context of UC3, this illustrates how
sceneunderstanding outputs can be transformed into actionable spatial knowledge, allowing known
obstacles to be represented idvance and used to support route optimisation. This differs from
purely reactive LiDARased avoidance, where the AMR responds only when an obstacle enters its
local sensing range. The occupaigeid layer therefore demonstrates how the SmartEdge toolchai

can support a more informed navigation model by providing environmental coordinates that may be
used to route an AMR around known obstructions.

Together, the 2.5D swarm visualisatifffigure 3.4-7 2.5Dvisualizatior) and occupancgrid layer
(Figure 3.44-8 Occupancy gridprovide a compact and intuitive view of system behaviour, enabling
users to monitor coordinated execution, interpret obstacle conditions within the environment, and
better understand how SmartEdge components contribute to perception, coordination, and
navigation support in UC3.
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Screen A

Figure 3.44-7: 5D Visualisation

Occupancy Grid

Oerupancy Grid {omn!

Figure 3.44-8: Occupancy grid

3.4.5. Future work and plans after SmartEdge

Following the completion of the SmartEdge project, the results of Use Case 3 provide a foundation for
further exploration and potential industrial uptake of semardigven, swarrbased edge intelligence

in smart factory environments. The work carried ouJC3 demonstrates the feasibility of integrating
SmartEdge components in an industrial context and highlights several directions for future
development beyond the project lifetime.

A primary area of future work concerns the transition from laboratory deployment to operational
manufacturing environments. While UC3 is implemented within a controlled R&D setting, further
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effort is required to adapt the integrated system to live factory floors, including alignment with
operational constraints, safety requirements, and existing industrial control systems. This transition
would enable longeterm observation of system behawio under sustained workloads and real
production variability.

Another direction relates to scalability and system evolution. Future work may involve increasing the
number and heterogeneity of robots and edge devices participating in the swarm, as well as extending
coordination mechanisms to cover larger factory areasnultiple operational zones. This includes
exploring how SmartEdgeased orchestration can support more complex workflows involving
interactions between logistics, production equipment, and human operators.

The UC3 results also point to opportunities for advancing semantic integration and digital

representation of factory assets. Future developments could extend semantic models to cover
additional asset types, richer spatial representations, or tighter cogplith digital twin technologies.

Such extensions would further enhance shared situational awareness and support more advanced
planning and optimisation functions.

From a tooling perspective, continued refinement of lowde orchestration mechanisms is
anticipated, with the aim of simplifying workflow definition and adaptation for industrial users. This
includes improving usability, expanding the range of supporgesk tpatterns, and strengthening
integration with existing factory management and monitoring systems.

Finally, the outcomes of UC3 contribute to longerm research and innovation activities within Dell
Technologies and the wider SmartEdge ecosystem. Lessons learned from this use case can inform
future projects, standardisation efforts, and collaboratidosused on edge intelligence, industrial
robotics, andsemantic interoperability. While no direct commercial deployment is implied at this
stage, UC3 establishes a validated technical baseline for future exploration of flexiblesredged

smart manufaturing solutions.

3.5. UseCasel: SMARTFACTORKOWCODEDGHENTELLIGENCE

3.5.1. Introduction

The LowCode Edge Intelligence use case demonstrates how intelligent apps can be built at the Edge
using a lowcode approach. It leverages standardized semantic interfaces for loT devices, Continuous
Semantic Integration of heterogeneotectory-floor equipment, Edge Al for constrained hardware,

and lowcode tools for creating and orchestrating swaimtelligent apps (see Secti@?2). This makes

the Edge both intelligent and highly flexible.

Current manufacturing systems are efficient but rigid, while product life cycles are shortening and
demand for individualized products is growing. Manufacturers now need modular, adaptable systems
that can quickly and cosffectively support small batchesf customized products. Local smart

factories must adopt modular production and new concepts that enable flexible, efficient services and

apps.

Today's factories rely on complex automation with specialized hardware and extensive code, which
restricts flexibility. SmartEdge solves this by introducing adode, loweffort approach for adding
features to live systems. For example, if a new prodocter requires additional capabilities,
SmartEdge Lowode Tools can discover, configure, and orchestrate new modulgbediy.
Integration is automated via standardized semantic interfaces, and Al models are distributed to
production modules to generateew data for industrial apps. Apps are instantiated from Recipes
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templates that are easily discovered and configuredther than developed from scratch. Recipes
orchestrate distributed local intelligence for monitoring and maintenance.

This solution has been implementedtime Siemens Autonomous Factory Laéd modular, flexible
researchfacility for advanced developmemtith Siemens automation equipment. SmartEdge utilizes
Mendix as the lowcode platform, extended to support Continuous Semantic Integration of brownfield
0T devices and orchestration of swaimntelligent apps on Industrial Edge (see SecH@).

3.5.2. Objectives and KPIs

To quantify the improvements in configuration time and manual effort for integrating an IoT device
and its data, as well as the reduction in engineering effort required to develop a new intelligent
application, we conducted a comparative analysis betwean swlution and current statef-the-
practice engineering tools. We assessed the effort involved in each approach using the Keystroke
Level Mode(KLMjto estimate manual interactions and the lines of code (LOC) metric to measure
development complexity. Our measurements indicate that the proposed solution enables a reduction
of up t090% in required engineering effort, with a corresponding decrease in manual intervention
during device integration and application development.

Table 3.5.1: Use Case 4 KPI Overview

KPI number| Description Status/ Result
K5C.3 Reduce the manual intervention t Integration of various datapoint
integrate an loT device and its data | requires substantially more manu
70%. coding with conventional engineerir
tools, while with SmartEdge solutio
required code is generate

automatically and only minimal usé
input for parameterization is needed.

K5C.4 Reduce the engineering effort to devel¢ Creating an edge applicatiorwith
new intelligent Edge applications by 70| SmartEdge solution requires significan
lessengineering effort compared to th
state-of-the-practiceapproach.

For the evaluation of manual intervention required to integrate a new device and its associated data,
a baseline comparison was established. This baseline quantifies the manually written lines of code
(LOC) when utilizing genefalirpose programming langgas (GPLs) against our proposed solution.
Specifically, C++ with thepen62541ibrary was used for OPC Wased communication, and
JavaScript with theaode-wot library for Web of Things (WoT) communication. For each configuration,
the LOC necessary fortablishing a device connection, performing a variable read/write operation,
and executing a remote procedure call (RPC) was assessed. Within SmartEdge solution, following the
discovery of an OPC UA node or a WoT datapoint, the subsequent code for dataatetnodification,

or function invocation is automatically generated. User intervention is thus limited to parametrizing
the RPC or providing new value for variable writing; reading a datapoint requires no further
configuration. The comparative effort pgariable in GPLs is presented in the table below. Regarding
connection configuration, the SmartEdge Mendix application requires only the device's network

1 https://en.wikipedia.org/wiki/Keystrokkevel model
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address, whereas conventional statéthe-art solutions typically necessitate additional steps,
including the creation and proper initialization of respective objects.

An example on Figure 3.5.1 shows a comparison for a configuration of a connection to an OPC UA
server using TIA Portal, C++, JavaScript codes, and SmartEdge Mendix application.

Similarly, we compared the lines of code required to implement an edge application that sequences
RPC calls and variable accesses on the OPC UA server as part of a production process. Implementing a
simple recipe requires a minimum of 76 lines of code-ir,Qvhile the Mendix application reduces

this to 7 lines needed for skill parameterizatidine table below summarizes the results.

Table 3.5.2: Comparison of Lines of Code for Variable Integration and Recipe Implementation

Linesof-code per integrated variabl@g5C.3) Linesof-code for
implementing a
recipe (K5C.4)
Connection | Read Write Remote
configuration | variable | variable procedure call
(without
parameters)
C++ code 10 LOC 7 LOC 7 LOC 8 LOC 76 LOC
Javascript cod¢ 12 LOC 9LOC 9LOC 9LOC n/a
SmartEdge 1L0C 0LOC 1L0C 1LOC 7L0C
Solution

Another common way of configuring OPC-hi¥sed communication in real world engineering projects

Aa {ASYSyaQ ¢L! t2NIFf &az2FfadélNBSd® LG FSIFaGdzNBa |
operations without coding. We compat@ur SmartEdge solution to the required user actions in TIA

portal, using the KLM. The KLM counts the number of keystrokes, mouse clicks, response times and
more, to give an estimate on how much time an expert user needs to accomplish a task on a desktop

user interface. The table below gives the estimated engineering effort as calculated with the KLM:

Table 3.5.3: Keystrokeevel Comparison Between TIA Portal and SmartEdge Configuration

Keystrokelevel Model

Connection
Configuration

Read Variable

Total (Connectiorn
+ Read Variable)

Reduction

TIA Portall 117.55s 137.1s 254.65s
(Baseline)

SmartEdge 12.25s 86.6s 98.85s
Solution

61% (below 709
target, mostly
due to LLM
response time of
60s)

In detail, our SmartEdge Solution requires far less mouse pointing and clicking compared to the TIA
portal baseline and instead relies on the natural language chat interface. The relatively long time for
configuring a read variable of 86,6s is primarilg ¢ LLM response times, which can reach up to one
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minute depending on the large language model and hardware used. Without LLM processing delays,
the reduction would exceed 90%, well above the 70% target. Furthermore, our SmartEdge solution
reduces the expertise required to perform the tasks, as no pnomkedge about specific engineering
software like TIA Portal, or coding skills are necessary. Overall, this demonstrates that our SmartEdge
solution significantly reduces the engineering effort required to integrate a new loT device and its
data, as well athe engineering effort required to develop new intelligent edge applications.

OPC UA client interface

UA_Client *client = UA_Client_new();
!client
UA_LOG_ERROR(UA_Log_Stdout, UA_LOGCATEGORY_CLIENT, "Failed to create OP(
EXIT_FAILURE;

Default{UA_Client_getConfig

UA_LOGCATEGORY_CLIENT, “Failed to connect to OPC UA server: ¥s", UA_StatusCode_ name(retval));
2 EXIT FAILURE;

UA_LOG_INFO{UA_Log Stdout, UA_LOGC RY_CLIENT, °

Machine Profile Name

Opc ua endpoint

get_td(thingAddr, propertyName) {
addr = thingAddr;
ret = "";
{
thingFactory = it servient.start();
td = it helpers.fetch(addr);
thing = thingFactory.consume(td);
console.log("td: " + td); Dagcaipiion
ret = i dProperty(thing, propertyName);
console.log("ret: " + ret);

(error){
window.alert("Could not

ret; u

Figure 3.5.1: Connection configuration using TIAPortal, C++, JavaScript, and SmartEdge Mendix application
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3.5.3. Technologies used for the use case

To stay competitive, manufacturers must embrace digital transformation, generative Al, and virtual
engineering to build automation systems that can rapidly adapt to changing requirements. To address
this, Use Case 4 (UC4) integrates multiple technologiedeliver a comprehensive exd-end
solution for LowCode Edge Intelligence in smart factories. The list of artefacts used in Use Case 4 is
shown in Table 3.5.4. Relations and interactions of these artefacts are depicted in Figure 3.5.2.

Standardized semantic interfaces for SmartEdge, based on OPC UA and W3C Web of Things, have been
implemented through the SmartEdge Semantic Models (A3.1). Middleware with Standardized
Interfaces (A3.2) unifies access to shopfloor device data and enahkggration with virtual
environments, while the Knowledge Graph Repository (A3.3) with GraphRAG capabilities stores and
manages knowledgartefactsabout field devices, their capabilities, and Recipes. This repository is
continuously updated via the DataOfmlbox for semantic integration.

Table 3.5.4: Use Case 4 Artefacts
ID Owner  Artefact
A3.1 SAG SmartEdge Semantic Models
A3.2 SAG Middleware with Standardized Semantic Interfact
A3.3 SAG Knowledge Graph Repository including TDD
A3.4 SAG Mendi2.0 Toolchain
A3.5 CEF DataOps Pipeline Components
A3.6 CEF DataOps Deployment Templates
A3.7 CEF Lowcode DataOps Configuration
A3.8 HESSO Semantic Recipe Integration with Mendi2.0
A3.9 HESSO RecipeTD Matcher

A3.10 HESSO Mendi2.0 Recipe Orchestrator

UC4 deploys DataOps Pipeline Components (A3.5) for defining and reusing pipelines tailored to
SmartEdge use cases, along with DataOps Deployment Templates (A3.6) for deploying these pipelines
across cloud and edge environments. EGade DataOps Configumati (A3.7) simplifies pipeline
definition. Additionally artefactsfor creating and orchestrating swarm intelligence apps have been
implemented.

66



A9
Recipe-TD Matcher

Do H Some H Stuff ‘ ‘ B I
A3.8 Semantic

‘ Recipe Integration
with Mendix

A3
Recipe Model

SmartEdge A3.10
(SmariEdge Mendix Orchestrator

Semantic Models)

| A3.4 Mendix Toolchain
(with an LLM Interface)

REST

A3.2 Middleware
with Standardized Interfaces

A3.2 Middleware with Standardized Interiaces ‘ A3 2 Middleware with Standardized Interfaces ‘
(OPC UA and MQTT for Virtual Environment) (OPC UA connector extended)

A33
Knowledge Graph
Repository

OPC UA server

Robot J

OPC UA server
Hexagen

nnnnnnnnnnnn

WoT servient

SmartEdge A3.5-3.7
DataOps

OPC UA server QPC UA server OPC UA server QPC UA server OPC UA server

Industrial Metaverse
factory Digital Twin

_____ Quality inspection
module

Recycling module
X

Assembly module 1 Assembly module 2 Assembly module 3

™ | |oPcUA v
model model OPC UA server QOPC UA server
AGVs >Lstanuamne slations

Figure 3.5.2: SmartEdge UCRelation and Interactions Among Artefacts

For swarm app creation and orchestration, UC4 uses the Mendix Toolchain (A3.4). Semantic Recipe
Integration with Mendix (A3.8) enables discovery and retrieval of Recipes for swarm tasks. The Recipe
Matcher (A3.9) with an LLidased assistant aligns Recipgth Thing Descriptions based on OPC UA

or TD affordances and swarm specifications. Finally, the Mendix Orchestrator (A3.10) orchestrates

Mendix flows according to Recipes and matches swarm nodes. UC4 also provides a virtual

environment for testing and vigating lowcode solutions before deploying them in a shopflosge

Figure 3.5.2.

3.5.4. Demonstrations and validation
UC4 is implemented on a demonstrator in the Siemens manufacturing laboratory in Nirnberg,
Germany, seéigure 35.3.

¢KS RSY2yailiN}rG2N O2yaraita 2F YdzZ GALX S Y2Rdz Sax
Y2Rdzf Sé¢ d ¢KS o6F0102yS Y2RdzZ S O2yiNRBfa O2y@Se@2NJ) o
carrier between the other modules attached to the backbone. Ttiached modules include two

assembly modules, which assemble the product based on user specifications and the quality
inspection module, which takes photos of the assembled product to detect any defects.
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Figure 3.5.3: Siemens manufacturing laboratory in Nuremberg, Germany

SmartEdge UC4 demonstrator consists of three demos:
1. LowCode Swarm Orchestration with Recipes and-Pldwered Assistant

2. Edge Al: OnDevice Continual Learning for Visual Anomaly Detection in Dynamic
Manufacturing

3. Interoperability of Production Recipes Between Different Standards

In the following, we briefly descriltbe significance of these three demos.

3.5.4.1. LowCode Swarm Orchestration with Recipes andRdwered Assistant

In SmartEdge UC4, the Siemens team tackles the challenge of providing flexible and customized
production: Small batches, diverse variants, and rapid responsivenegsth low effort. For this
purpose, we developed a powerful Mendix kmede toolkit. It facilitates IT/OT integration through a
GraphRAG Toolchain supporting two key standards: OPC UA and W3C Weflgsef SinartEdge
empowers the development of industrial 10T applications using large language models and includes
an Industrial Metaverse Toolchafor virtual testing and seamless reabrld deployment. These
capabilities enable the definition of device skills and capabilities, allowing for Genhahced
orchestration of shopfloor devices.

Demonstration Scenario

The demo showcases a modular production scenario where the product consists of five wooden blocks
arranged on a transport plate, see Figure 3.5.4. Each block is available in five different types, enabling
countless configuration possibilitresimilar to rel-world products with high variability.
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which are used in the demonstrator and will be arranged on a transport plate.

The goal of the demo is to orchestrate machines and devices using the SmartEdgedstoolchain,
instructing the production line to assemble ordgpecific products according to individual customer
requirements. The final output is a transport plate gmped with up to five different roof elements.

Whether creating a new product, customizing an existing one, or developing a variation, the process
follows three key steps.

First, we expose the functionality of industrial assets as SmartG#ijer semantically described
capabilities accessible through standardized OPC UA interfaces.
Second, these Skills are orchestrated into-lmwde workflows calledProduction Recipgswhich are
virtually tested using oumndustrial Metaverse Toolchaifefore deployment. Finally, the Recipe is
deployed to the shop floor to manufacture the product.

To achieve this, Siemens team engineered Skills for industrial assets using TIA Portal, while Cefriel
created an Industrial Knowledge Graph from these Skills using the Chimera tool (see Figure 3.5.5).

d H

¢ | o Industrial Copilot
i e ek with LLM Interface

A

User

OPC UA

Industrial PLC

Knowledge Graph
with
OPC UAand W3C TD
Interfaces

.

Chimera
---»  Semantic Mapping
Toolchain

\ Graph RAG Toolchaiy

Figure 3.5.5: GraphRAG Toolchain: Integration, Semantic Mapping, and Contextualization of Shopfloor Devices

Any Device

UC4 contributed theGraph RAG Toolchairenabling seamless interoperability across industrial
environments by integrating and mapping OT device descriptions from diverse proprietary models
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into standardized information models. Additionally, we leverag®&powered swarm orchestration
to coordinate and execute complex manufacturing tasks, ensuring agility and scalability.

Next, we created a Production Recipe using Mendix, acloge platform enhanced with an LEM
powered assistant developed in SmartEdge. This assistant helps discover devices with relevant Skills
during Recipe creation (see Figure 3.5.6). For example, the daows how to find Skills for inserting
blocks on a plate and loading or unloading the plate.
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Figure 3.5.6: Recipe Creation with E@ade Swarm Orchestration and L-Péwered Assistant

The discovered Skills were tested using a Digital Twin of the worksta¥istual Assembly Module

At provided by our Industrial Metaverse Toolchain (see Figure 3.5.7). The Digital Twin mirrors the
physical workstation and uses the same OP&habed interfae, ensuring seamless data integration
and simplifying recipe deployment.
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Figure 3.5.7: Industrial Metaverse Toolchain: Interoperability Across Virtual and Real Swarms

The Digital Twin is a virtual counterpart of our workstation, featuring the same OPadgdd
interface as the physical one. This ensures seamless data integration and simplifies recipe deployment.
By selecting parameters, we can choose which block tdrose the workstation magazine, verifying

the relevance of each Skill for the Recipe. We then generated &doe microflow for the Recipe

using the chosen Skills (see the blue Recipe rectangle in Figure 3.5.6), tested it in a virtual environment
(Figure 3.7), and saved it to the Knowledge Graph repository (Figure 3.5.6). This makes the Recipe
discoverable and reusaligust like Skills. Finally, the stored Recipe can be deployed to a real
workstation, such as Assembly Module A.

3.5.4.2. Validation of Demonstrator

To validate the reusability of the UC4 solution, the demo illustrates how the same Production Recipe
can be seamlessly deployed to a different workstation, such as a second Assembly Module in the
Siemens Lab (see the lower part of Figure 3.5.6). Thisitatit only has a different OPC UA address

but also uses an entirely distinct OPC UA information model. Despite these differences, eur LLM
powered assistant automatically identifies the corresponding nodes that perform equivalent functions
in the new model As shown in Figure 3.5.6, the same Recipe runs flawlessly on the second
workstation, demonstrating true interoperability and flexibility.

3.5.5. Edge Al: Obevice Continual Learning for Visual Anomaly Detection in Dynamic Manufacturing
Modern manufacturing relies on visual anomaly detection for automated inspection and consistent
guality. However, dynamic production environments pose challenges: frequent product changes
require rapid model updates, legacy edge hardware struggles wige lat models, and training data
(especially for new product variations) is often scarce.

¢C2RIFI&28Qa AYyRdAZAGNRALFIE fFyRAOFILIS 2FFSNB dzy LNBOSRSYy (S
the SiemensSiePort3 a singé productcan have thousands or even millions of possible configurations.

This flexibility, however, creates a major challemgensuring quality and reliability across such a vast

range. Al can help detect manufacturing defects, but it must adapt quickly to keep with this

dynamic environment.

3.5.5.1. Demonstration Scenario

l'a YSY(iA2ySR: (KS GLINRPRdAzOG¢ O2yairada 2F FTADPS g2
Like real products, these blocks can be configured in numerous ways. Our goal is to develop an Al
system capable of detecting scratches and other imperfestimn these products. This demo has been

also implemented and shown in Siemens Factory Lab, see Figue 3.5.

To address the challenge of visual anomaly detection in dynamic manufacturing, we set up a dedicated
experiment using a Siemens industrial camera mounted above the product and controlled by a
Siemens industrial computer, see Figure 8. ¢ KS & & & (i S Y-ey®OvelwlindaeS af thed A NR Q &
assembled product. Our objective was to develop an Al solution that detects anomsliek as

scratches or surface imperfection®n the top surface of the product.

2 https://sieportal.siemens.com{de/home
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Figure 3.8 Dedicated set up for an anomaly detection experiment using a Siemens industrial camera mounted above the
product and controlled by a Siemens industrial computer

Although the product consists of only five wooden blocks, considering all possible arrangements of
block types and orientations results in over 50000 combinations. For initial training, we created a
dataset of 120 product images, each showing one instarficvery block type without orientation
changes. Using this dataset, we traif@éatchCor¢gRoth-22]t a stateof-the-art, opensource anomaly
detection modet configured with a compact MobileNetV3 backbone and just two layers, making it a
highly efficient visual inspection solution.

~ A s ooA x4

The initial results are promising 4 KS Fy2YlF & RSGSOGA2Y Y2RSf X (NI A\
product looks like, successfully identifies scratches and other defects. However, it raises false alarms
when the same block type appears multiple timeswen blocks are oriented differently. Figure 3.5.

is an example where the middle three blocks are oriented differently. This slight chamngegh

perfectly valid confuses the Al. It incorrectly flags the good sample on the left as anomalous and
strugglesto identify the actual defect in the image on the right. This underscores a critical need for
adaptability in the model.

Good Sample Defective Sample
Pixels: 0.5% | Anomaly Score: 0.82 A y: Yes | A Pixels: 5.6% | Anomaly Score: 1.00

A

ly: Yes | A

Figure 3.9: Different orientation of blocks confuses the Al model for anomaly detection
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To address this challenge, we developed a solution that continuoushuings the Al model to adapt
to new product variations. This approach (see Figure G)5khown as continual fireuning or online
learning, trains the model on a live image stream in real time. Crucially, it is highly resdficsnt
and can even run on edge devices, such as the CPU of a Jetson Nano.
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Figure 3.5.0: Steady growth in discovered I0oTE, reaching 602

Thanks to continual finruning, the Al now delivers accurate predictions on diverse product
configurations, see Figure 3.3.1t adapts in real time, learns from new variations, and maintains high
precision regardless of changes. Our implementation demonstrates the power of Edggefigent,
FRFLIGIFofSE YR RSLI28SR SEI OiGfée 6KSNB Ai0Qa ySSRES

Good Sample Defective Sample
Anomaly: No | Anomalous Pixels: 0.0% | Anomaly Score: 0.00 A ly: Yes | A I Pixels: 1.6% | Anomaly Score: 1.00

Figure 3.5.1: Finetuned Al model delivers accurate predictions on diverse product configurations

¢2 RAGS RSSLISNI AylG2 (GKS GSOKYyAOFft RSOl -bdvike 2F 2 dz
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presentedat the 2025 EdgeAl Conference. It explains how continualtdiniag enables resource
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efficient, realtime adaptation on edge devices, ensuring robust anomaly detection in highly dynamic
production environments.

3.5.6. Interoperability of Production Recipes Between Different Standards
In this demo, which is part of UC4, we enhance flexibility and resilience in industrial autornation
showcasing how different device description standards can work seamlessly together.

3.5.6.1. Demonstration Scenario

Ly (2 R-pated frodiickich énvironments, adaptability is essential. In Figure 3.51the red
rectangle, we observe a simulated Universal Robot, whose capabilities are modelled using the W3C
Web of Things framewotkspecifically through Thing Descriptions. In Figure 2,54 the green
rectangle, we see a Digital Twin of a workstation from the Siemens lab, where devices are represented
using the OPC UA standard.

Imagine a common situatiom our primary pickandplace robot, responsible for loading and
unloading pallets, is unexpectedly unavailable. Its interfaces are described using an OPC UA
Information Model. Fortunately, we have a Universal Robot that can parfbe same task but its
interfaces are described using a W3C Thing Description.

Our goal in this demo was tnaintain uninterrupted productionby integrating this substitute robot,
despite the differing standards.

Figure 3.5.2: Interoperability of Production Recipes Between Different Standards: OPC UA and W3C WoT

Our Mendix LowCode toolchain, powered by a Large Language Model, goes beyond traditional device

RAAO20OSNE® LG R2Satyifundedtdrdsidevice2c@datilites. RIUG4 Derigdeer v (i &
Sectionl), we demonstrated how the LLM could discover 'Insert' skills from OPC UA models for

LINE RdzOG | aaSyofeéed b2 6SQ0S SEGSYRSR (GKAA (2
to intelligently identify actions and skills from both standards.
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Robot transports a product partsuch as a palletfrom a conveyor to a workstation. Next, the
assembly robot, described using the OPC UA standard, periorh§ WLYy aSNIQ aiAff =

blocks onto the pallet.

Finally, the Universal robot resumes operation, transporting the completed pallet to the next conveyor
belt for further processing.

This demonstration highlights how devices describe®@BC UAandWoT Thing Descriptionsan be
unified into a single, intelligent Production Recipe. This interoperability empowersflexitoly and
reliably adaptto changing conditions on the shop floor.

3.6. UseCassbA SMARHEALTEARBNITHPERSONMIRTUAASSISTANT

3.6.1. Introduction

Europe faces demographic shifts with the share of citizens aged 65+ growing across all member states.
Such demographic transformation creates challenges for the social and healthcare systems and
ageingrelated costs are projected to rise from 24.4% of GDP (2022), driven primarily by pensions
(11.4%), healthcare (6.9%), and lelegn care (1.7%). Demand flang-term care deliverys growing
however at the moment there are insufficient facilities, acute caregiver shortages, and increasing
burden on family aregivers. These pressures necessitate innovative, scalable solutions that can
support aging populations while optimizing healthcare resources and maintaining quality of care.

Y pl a{YFENI | SIFIfGKY LYRAGARdzZEE | SI {(BVIKE a@ly/Apil2INR Yy
addresses the escalating so@oonomic challenge of an ageing European population by deploying a
SmartEdge solution through "swarm intelligence," integrating extensive sensor networks with digital

twins to enable near redime, automated healthand environmental monitoring. The approach is
architected around the concept of device "swarms", while UC5a demonstration was executed on
infrastructure provided byDellpartner, deploying 602 loT Emulators (IOTESs) distributed across three

swarm layers as described beloWe also conducted final experiments on an emulation of 3000 /

6002 loTE# test thesystem behaviour under progressively increased load.

Each PVA functioned as a software agent maintaining a structured digital twin model of an individual
LTCF resident, continuously computing health state indicators from aggregated setaaand
updating the resident's digital twin representation in near réade.

Before moving to field deployment and clinical trials, the full stack was validated through IoT
emulation loT emulation is an established validation methodology in lagge edge computing and
cyberphysical systems researcBuch method offergontrolled reproducibility that is difficult to
achieve with heterogeneous physical hardware at equivalent scale. The IoT Emulators (IOTESs)
deployed in UC5a were designed to replicate the telemetry profiles, message rates, payload
structures, and protocdbehaviou of their physical device counterpaf@martwatches, smartphones,

CO2 sensors, PM2.5 sensors, and shared weight ydhles ensuring that the software stack,
semantic middleware, and digital twin computation layer were exercised under conditions
representative of an operational LTCF deployment. This approach enabled controlled, reproducible,
and scalable testing across deviogpplations of 602, 3002, and 6002 IOTEs. The emulatised
validation approach is consistent with the project scope, whiafed at research of swarsoftware
artifacts development and integration validation
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1st layer of swarmUC5aleployed100 "Personal Swarms," each assigned to a specific user (resident
of the longterm carefacility LTCF). These swarms comprise wearable and mobile devices, including
smartwatches and smartphones, alongside shared smart scales. They continuously monitor
physiological parameters such as blood oxygen levels, heart rate, blood pressure, and fall detection
as well as step counts.

2nd layer of swarm indoor Swarms. This layer complementing the personal devices is an "Indoor

{6 N¥b RSaA3aAySR (G2 Y2yAl2N) SYy@ANRYYSyiGl f lj dzI £ A {
includes sensors for temperature, humidity, CO2, smoke, and PM2.5 particulate materding

context awareness regarding the physical conditions affecting the residents.

3rd layer of swarm:Personal Virtual Assistants (PVAs) swarthasintelligence layer and iset of
services that calculatbealth indicators and digital twin statuses for individual residents. Each PVA
maintained a structured digital twin model capturing the resident's activity patterns, physiological
indicators, and overall healtrelated state. Collectively, these individiRgWAs formed a coordinated
swarm that represented the group's aggregate digital twin, enaldiregip level health monitoring
alongside personalized care.

UCba serves as a primary validation ground for the interoperability and scalability of the following
SmartEdge artifacts:

Semantic Modeling and Discove(A3.1): semantic interoperability using W3C Web of Things (WoT)
standards. Every devicevas defined by a Thing Description (TD) in J&ONformat (e.g.,
"CO2.td.json"), whiclvasautomatically registered in a Thing Description Directory (TDD) backed by a
Knowledge Graph repository (Apache Jena Fuseki)emhldeddynamic discovery and querying of
device capabilities across the network.

Standardized MiddlewargA3.2):a semantic middleware layer with the higklocity data flow.t
bridgeddiverse protocolsingestedtelemetry via MQTT from edge swarms aexposedaggregated

data via REST interfaces to edge services, ensuring robust communication between the edge and if
needed the cloud.

Mendix low-code (A3.4):the sensor swarms from instantiation to data generation is managed by a
custom application built on the Mendix leeode platform.

3.6.2. Objectives and KPls
The UC5a final demonstration was designed to validate the SmartEdge solution against the following
strategic and technical objectives:

1 To demonstrate the dynamic and secure integration of decentralized edge intelligence across a
hierarchical "system of systems" architecture. With the three distinct swarm levels: Level of the
Personal 1oT Swarm (wearable medical devices and vital sigriamg)niLevel of the Indoor 10T
Swarm (environmental sensors for ambient assisted living). Level of the PVA Swanre\gligh
overview of the group of people).

1 Deployment of intelligent digital health twins for Lemgrm Care Facility (LTCF) residents. These
PVAs must aggregate reahe data to maintain a dynamic digital representation of each
residents physiological state.

1 Optimization of care delivery and response to enable neartiead detection of critical medical
events (e.g., falls, vital sign anomalies) to facilitate early intervention.

1 To develop and validate PVAs that utilize standardized semantic knowledge bases (W3C Web of
Things) and generic human health models.
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1 To implement a "Group Virtual Assistant" capable of aggregating data from individual PVAs to
monitor the facility's collective health statusThis objective addressed the detection of
epidemiological risks (e.g., viral outbreaks) and environmental hazards (e.g., poor air quality)
affecting the resident population as a whole.

9 The scalability and robustness of th#C5a andSmartEdgeartifacts were demonstrated by
deploying a largescale emulation environment comprising 100 concurrent Digital Twins and 602
IOTESs, with additional scalability experiments at 3002 and 6002 IOTEs.

1 To demonstrate the scalability and robustness of the SmartEdge tools by deploying-adcalee
emulation environment. This includes simulating 100 concurrent Digital Twins an@@24eTES
(and 3002 / 6002 IOTE deviceglidating the system's stability.

9 To assess the solution's performance against defined Key Performance Indicators, specifically
confirming: High accuracy in personalized anomaly detection; Resilience and reliability of data
transmission; Precision in identifying grolgvel conditions.

The UC5a demo explicitly evaluates the following KPIsT{zele 3.6L):

Table 3.6.1: Use Case 5A KPI results overview
KPI ID /KPI NAME @ Description Status / Result

K2.2 Message conversion performanci 602 IOTEs (2.67MB) takes 8.
increased by at least 80¢Baseline seconds (325 KB/s)Target
[Scrocca2lin Deliverable D3.Final| achieved.

Implementation of Tools fo
Continuous Semantic Integratipn

Semantic integratior
performance
Scalability experiments
results:

3002 IOTEs (13.31MB) tak
1m18.12 seconds (170 KB/s]

60022 IOTESs (26.62MB) tak
2min 59.88 seconds (14
KB/s).

K2.3 Semantic integration scalability (i Time in minutes for each 101
terms of maximum concurren to be registered in TDD

Semantic integratior requests and data velocity) increas

scalability by at least 50% 602 IOTEs = 5 min (8,9 KB/s
Scalability experiments
results:

3002 IOTEs = 18 min (12,
KB/s)

6002 IOTEs = 60 min (7
KB/s).

Sable operation confirmed a
602, 3002, and 6002 IOTE
¢CFNBSGO xpm:yY
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K5D.1 Accuracy for personalized healt! 99.547%achieved
A ; related anomaly detection fo
ccuracy O residentcentred health status base
Personalized Health . . ]
Related A | on vitals telemonitoring within ¢
clate NOMal |ocalized setting 93% or great:

Detection (baseline is provided by th
experimental results on  fiw
volunteers showed an accuracy
anomaly detection 93%.
K5D.2 The acceptable limit for th¢ 0.5% average unprocessed
_ _ percentage of failed requests nav ¢ ¢ 1j dzSdzST X
Failed Requests Lim .
more than 5% archived
K5D.3 Demonstrated accuracy (at lea 100%, achieved

80%) in lab settings in detection ¢
the condition of the group as a who!
based on the digital twin model ¢
the group.

Accuracy in Grouj
Condition Detection

A detailed breakdown of the KPI results is presented below.

K2.2 Message conversion performanc&Vithin UC5a, semantic integration was additionally
evaluated through the Wo€ompliant Thing Description Directory (TDD), which serves as the device
catalogue and SPAR®&cked knowledge graph endpoint for the 6M2TE deployment. The UC5a
demo reports tha extracting the complete TDD information for all 602 IOTEs (2.67 MB) took 8.19
seconds, corresponding to approximately 325 KB/s. This result demonstrates that the SmartEdge
semantic catalogue can support largeale device discovery and metadata retriemahe UC5a setup.

Table 3.6.2: TDD Information Retrieval Performance by IoTE Count

Extracting information Size and Time
from TDD number of

IOTEs

602 (2.67MB) takes 8.19 seconds (325 KB/s).

3002 (13.31MB) takes 1 m 18.12 seconds (170 KB/s)
6002 (26.62MB) takes 2 min 59.88 seconds (148 KB/s).
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Figure 3.6L: Thing Directory query completed successfully with 602 IOTEs

The above screenshot (Figure 3)&lemonstrates our (UC5a) semantic integration layer. Where a GET
request to the Thing Description Directory (TDD) endpoint retrieves the complete catalogue of 602
registered IoT emulators (IOTEs) in JAONormat, totaling 2.67 MB of semantic metadataeT
request completed in 8.19 seconds with HTTP 200 OK status, demonstrating the system's ability to
handle largescale device discovery queries.

http://192.168.0.222:5050/things

Params Authorization Headers (7) Body Scripts Settings

form-data x-www-form-urlencoded raw binary GraphQL

Body Cookies

{} JSON ~

Figure 3.8: Thing Directory query completed successfully with 3002 IOTEs
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http://192.168.0.222:5050/things
Params Authorization Headers (7) Boc
user-Agent LS Fosunanxunme; /.o Ly
Accept * %
Accept-Encoding [ gzip, deflate, br
Connection @) keep-alive

Content-Type application/Id+json

Body Cookies Headers (9) TestRes @D 200 0K - 2 m 5¢
{} JSON v
1|

"@context":

http .w3.0rg/2022/wot/td/v1.1",

1

"om": "http://www.ontology-of-units-of-measure.org/resource/om-2/"
i
"https://www.w3.0xg/2022/wot/discovery"
1.
"id": "urn:uuid:co2_sensor_1",
"@tvpe": "Thing".

Figure 3.63: Digital Health Twin structure in UC5A SmartEdge: Personal Health and Environmental Dimensions (illustrative
example is resident Eva Cosmo)

K2.3 Semantic integration scalabilityKPI K2.3 requires a minimum 50% improvement in semantic
integration scalability over the baseline of 100 requests per second for 50KB XML payloads reported
in [Scrocca2l][D3.3] In UCbha, the scalability of the semantic integration layer was further
demonstrated through largscale TDD registration across three device populations: 602, 3002, and
6002 IOTEs, completing in 5, 18, and 60 minutes respectively. This confirms stabie gystation

across a 14old increag in connected devices with no data loss, validating the SmartEdge architecture
for largescale LTCF deploymeni®| K2.3 is achieved.

Table 3.6.3: Registration time by IOTE number

Number of IOTEs Time in minutes for each IOTE to L
registered in TDD

602 IOTEs 5 min (8,9 KB/s)

3002 IOTEs 18 min (12,32 KB/s)

6022 IOTEs 60 min (7,4 KB/s).

Dependence of the registration time of all IOTE in TDD on the number of devices is shown below on
the screenshots.
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Figure 3.64: Steady growth in discovered lI0TE, reaching 602

Figure 3.6b: Steady growth in discovered IoTE, reaching 6002

Figure 3.6: Steady growth in discovered I0TEs reaching 3002

K5D.1 Personalised anomaly detection accuratty.UC5a, each Personal Digital Twin maintains
individual health and livingnvironment indicators derived from wearable and ro@ensing data.
These peresident indicators constitute the basis for KPI K5D.1, which evaluates the accuracy of
personalised halth-related anomaly detection at thpersonaldigitattwin level. At the collective
level, UC5a aggregates the outputs of individual digital twins through the Group Health Object and
Group Environment Object, which capture the proportiorredidentsor rooms whose parameters
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exceed acceptable limits during the day. This aggregated representation provides the basis for KPI
K5D.3, which assesses the accuracy of gamnlition detection in the LTCF setting.

For K5D.1he demo shows accuracy as the proportion of time with defined state per digital twin and
NELRZ2NIA Fy | @SNF3IAS 1 OO0dzNI O I' dbpdpntizs SEOSSRAYS

Accuracy for personalized healtblated anomaly detection faresidentcentred health status based
on vitals telemonitoring within a localized setting is 93% or greater. The baseline is provided by
experimental results on five volunteers, which showed an anomaly detection accuracy of 93% [Arp].

Let:

T Ttotalthe total time during which all Digital Twins were monitored.

T tundefinedthe total duration of the undefined state, when the state is unknown.
T the total length of time when data is available to calculate the state.

T cthe number of Digital Twin models.

Then, the metric for each Digital Twin model is calculated using the following formula:
e, w2 YOEO®AEQQQQE QQ
0O WWO 1 WWBOY—F7T—F7— p T
Yo & Oowa
The total average accuracy is calculated using the following formula:

> Accuracypr
¢

Accuracy —

For our experiment, the result is:
Accuracy — 99.547%

Yp5®dH CI At SRheNBlljsdz@laaied by doprpating MQ@&it vs RESEtrieved data; the
demo reports that on average 0.5% unprocessed messages remain in the MQTT queue and can be
NEGNRASOHSR OAl wo{¢z O2yaAraidSyd ¢AGK GKS Xpoz KNE

The Figures (MQTDB-REST data volume ratio over time during sequential device onboagid2g (

loTEs) and6p02 Lh ¢ 9a0 RSY2yadNIGS Yp5du OClFAfT SR wSljdsSa
unprocessed messages in the MQTT queue throughout the UC5a demonstration run. The visualization
reveals three distinct operational phases: Phase 1: system initialization; Phaseuibriegn
establishment; Phase 3. steadiate operation. I0TEs are registered sequentially at-sewond

intervals. Once all devices have been onboarded and the system reaches a stable state, no data loss is
observed. The persistent small queue depthnigmtional, it provides buffering capacity to absorb

transient load spikes without message loss, confirming the system's produeoliness for 24/7

LTCF monitoring scenarios.
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Figure 3.67: MQTHo-REST data volume ratio over time during sequential device onboarding (602 I0TES)

Figure 3.88: MQTH0-REST data volume ratio over time during sequential device onboarding (6002 I0TES)

Compared to the 6020TE scenario, the behaviour for 6002 IOTEs is qualitatively similar. We observe
initial turbulence but the scale of the initial spike is roughly 15 times larger and the stabilisation period
is substantially longer. This reflects thersficantly higher system load imposed by the-fa@i
increase in connected 10T.

~ A 4 ooaA = a4

KED.3DNR dzLJ O2y RAUGAZ2Y RSGSOGA2Y xym:d ¢KS !/ pl LINBa
the corresponding KPI outcome.

Demonstrated accuracy of at least 80% in laboratory settings for detection of the condition of the
group as a whole, based on the digital twin model of the group.

Let:

Ttotal T the total time during which the group was monitored.
tundefined 1 the total duration of the undefined state, when the state is unknown.
4071 OAT O QG Tthe budiehghbf time during which data is available to calculate the state.

Then, the metric is calculated using the following formula:

DOMOT OWDE 0 A& QQ VD © BEIM T
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