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1 INTRODUCTION

Modern manufacturing environments struggle to in-
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Industrial IoT platforms face semantic interoperability challenges when integrating heterogeneous manufac-
turing equipment. While Asset Administration Shell (AAS), standardized by IEC 63278-1:2023, provides
vendor-neutral digital representations, existing implementations lack automated reasoning capabilities. This
work presents a semantic integration framework enhancing AAS with Knowledge Graph technologies through
bidirectional transformation mechanisms. Developed within the PlatinA Industrial Internet of Things platform
research (infrastructure designed for 50 concurrent devices, currently integrating 3 manufacturing systems),
our hybrid architecture combines containerized AAS implementations with Apache Jena Fuseki RDF triple
stores. We validate technical feasibility through proof-of-concept implementation using a precision milling
system with real-time force monitoring, demonstrating successful AAS-to-RDF transformation preserving
IEC 63278 compliance, sophisticated SPARQL-based queries for force deviation detection and equipment
capability discovery, and practical integration with existing infrastructure. A three-layer manufacturing ontol-
ogy enables automated reasoning through SWRL rules for equipment selection, maintenance prediction, and
quality assessment. This proof-of-concept establishes the foundation for addressing critical manufacturing
challenges including measurement validation (targeting reduction from 80% redundancy to 5-6%) and process
anomaly detection (projected 89% automation rate), enabling intelligent resource allocation and cross-system
interoperability through knowledge-driven decision making.

process anomaly detection. Current manual mea-
surement validation processes exhibit
approximately 80% redundancy due to double-
checking require-ments, with experts estimating
that automated vali-dation could reduce this to

tegrate diverse production equipment from multi-
ple vendors into intelligent systems [1]. Propri-
etary protocols and data formats create information
silos preventing effective cross-system communica-
tion. While Asset Administration Shell (AAS) frame-
works provide standardized virtual representations
mirroring real-time operational data [2], implemen-
tations traditionally function as passive data reposi-
tories lacking autonomous reasoning capabilities es-
sential for intelligent manufacturing. The fundamen-
tal challenge lies in enabling digital representations
to support automated inference and context-aware
decision-making.

Domain experts identified c ritical improvement
opportunities in surface finish quality control and

target levels around 5-6%(implying potential 94%
measurement  efficiency).  Similarly,  process
anomaly detection currently relies entirely on
manual expert review, with domain spe-cialists
projecting that automated semantic reasoning could
detect approximately 89% of anomalies without
human intervention'.

However, achieving these targets requires au-
tomated decision-making capabilities beyond cur-
rent rule-based control and machine learning ap-
proaches, which struggle with novel equipment com-
binations, dynamic material-process matching, and
cross-equipment optimization requiring implicit rela-
tionship inference.

I'The estimate of roughly 89 % automatable anomaly de-
tection is based on historical process data from which typi-
cal patterns, recurrence rates, and semantically distinguish-
able deviations can be derived.
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This work presents a semantic integration archi-
tecture enhancing AAS foundations with Knowledge
Graph technologies [3]. Knowledge graphs repre-
sent information as networks of interconnected enti-
ties, enabling machines to understand contextual con-
nections and derive logical conclusions. We val-
idate technical feasibility through proof-of-concept
implementation using a precision milling system with
three-axis force monitoring, demonstrating complete
AAS-to-RDF transformation, sophisticated SPARQL
queries for force deviation detection and equipment
capability discovery, and bidirectional synchroniza-
tion suitable for manufacturing control.

This paper presents a proof-of-concept demon-
strating technical feasibility of semantic integration
for manufacturing systems. While PlatinA’s 2 AAS
infrastructure is architecturally designed for 50 con-
current manufacturing devices with 3 systems cur-
rently integrated, this work validates semantic en-
hancement through single-system proof-of-concept.
Comprehensive semantic integration across all cur-
rent and future systems represents ongoing develop-
ment.

2 RELATED WORK

Asset Administration Shell research has focused on
structural interoperability without leveraging seman-
tic reasoning. Platform-based architectures like FI-
WARE provide cross-organizational interoperability
but require significant deployment expertise [4]. The
AAS metamodel’s native RDF/XML and JSON-LD
support enables direct semantic web integration as
specified in IEC 63278-1:2023 [2].

The Industrial Digital Twin Association (IDTA)
enhanced AAS capabilities through standardized sub-
model specifications [5], including Process Parame-
ters (IDTA 02031-1) for equipment parameter man-
agement [6]. These templates align with semantic
knowledge graph approaches, enabling transforma-
tion of IDTA-structured information into graph rep-
resentations without semantic loss.

Knowledge graphs demonstrate potential in indus-
trial domains for data integration and automated rea-
soning [3]. Schleipen et al. established approaches
for converting OPC UA information models to RDF
representations [7], transforming hierarchical indus-
trial structures into graph formats optimized for se-
mantic reasoning. However, contemporary research
reveals deployment barriers including technical com-
plexity and organizational resistance [8].

Zhttps://www.h2.de/forschung/wissens-und-
technologietransfer/efre-und-esf-projekte.html

Table 1 positions our work relative to existing ap-
proaches. Unlike platform-centric solutions requiring
infrastructure replacement, our approach enhances es-
tablished AAS implementations. While Schleipen
et al. demonstrated OPC UA to RDF conversion,
their work lacks bidirectional synchronization and
real-time reasoning for closed-loop control. Our
framework uniquely combines standards-compliant
AAS with knowledge graph technologies, automated
SWRL reasoning, and bidirectional synchronization,
providing incremental enhancement without disrup-
tive changes.

Table 1: Comparison of semantic integration approaches for
manufacturing.

Approach Standards Semantic Key Char-
Compli- Reasoning acteristic
ance

FIWARE Partial Limited Requires

[4] (NGSI-LD) full infras-

tructure
replace-
ment

Schleipen OPC UA | Yes (RDF) Uni-

etal. [7] focus directional

transforma-
tion only

Standard Full (IEC | No Passive

AAS [2] 63278) data reposi-

tory

Our Work Full (IEC | Yes Incremental
63278) (SWRL) enhance-

ment with
bidirec-
tional sync

3 SYSTEM ARCHITECTURE

Our semantic integration leverages a hybrid archi-
tecture combining operational AAS data manage-
ment with semantic knowledge representation using
Apache Jena Fuseki RDF stores [9], addressing three
requirements:

standards compliance through IEC 63278-
compliant AAS [2], semantic intelligence through
RDF knowledge graphs [3], and operational effi-
ciency through real-time synchronization.

Figure 1 presents the architecture bridging Asset
Administration Shells with Knowledge Graph tech-
nologies. Manufacturing systems connect through
OPC UA [10] to AAS Infrastructure, where data is en-
capsulated within standardized AAS representations.
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Figure 1: System architecture for semantic integration through knowledge graph-enhanced Asset Administration Shells.

The Knowledge Graph Connector performs se-
mantic transformation, extracting data from AAS
Core Services via REST/gRPC protocols [11] and en-
riching it with semantic annotations using ontological
mappings [12]. The Inference/Reasoning Engine im-
plements SWRL-based automated reasoning [13] in-
cluding anomaly detection and production optimiza-
tion, feeding insights back for closed-loop
control [14].

Real-time telemetry flows f rom manufacturing
systems through OPC UA to the Event Broker, where
the Knowledge Graph Connector transforms raw data
into RDF resources with ontological relationships.
The architecture employs hybrid storage: time-series
databases for high-frequency operational data, rela-
tional databases for structured asset information, and
graph databases for semantic relationships.

3.1 Reasoning Rules

The Inference Engine implements SWRL rules for
automated knowledge derivation. Equipment selec-
tion rules determine compatible equipment based on
material and capability requirements through pat-
tern matching on material compatibility and process-
ing capabilities. Maintenance prediction rules iden-
tify calibration needs by evaluating temporal valid-
ity of last calibration date (threshold: 30 days) com-
bined with force deviation patterns (threshold: 15.0
N deviation). Quality assessment rules detect pro-

cess anomalies by comparing measured force
values against target parameters across three
axes simultaneously. For example, the equipment
selection rule matches milling systems having
compatible materials and required capabilities to
process requirements, au-tomatically inferring
suitable equipment. The mainte-nance prediction rule
triggers calibration recommen-dations when force
deviations exceed thresholds and calibration date
exceeds 30 days. These rules enable automated
reasoning for equipment selection, main-tenance
prediction, and quality assessment without manual
configuration.

3.2 Ontology Design

Our manufacturing ontology consists of three lay-
ers (Fig. 2). The upper ontology incorporates
standard vocabularies including AAS metamodel
(aas:), QUDT for units (qudt:, unit:), and IDTA
submodel specifications (idta:). The domain on-
tology layer (mfg:) defines manufacturing-specific
classes including mfg:ManufacturingSystem with
subclasses for CNC machines, process-related classes
for force measurements, and material classes (Alu-
minum, Steel, Titanium) with processing capabili-
ties. Object properties establish semantic relation-
ships: mfg:compatibleMaterial links equipment
to materials, mfg:hasCapability connects equip-
ment to capabilities, and datatype properties represent
quantitative measurements.
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Figure 2: Graph connectivity analysis: node degree distribution in the manufacturing knowledge graph.

4 PROOF OF CONCEPT 1 {"assetAdministrationShells": [{
2 "idShort": "MILLING_SYSTEM_001_AAS",
IMPLEMENTATION 3 "id": "urn:manufacturing:milling:001",
4 "assetInformation": {
We implemented a complete transformation pipeline > ‘essetfind®: Minstancel,
. .. 1. . 6 "globalAssetId": "urn:manufacturing:
using a CNC precision milling system with three- o
X X X . milling:001:asset™,
axis force monitoring [15], demonstrating system- 7 WspecifichssetTds™: [{
atic conversion of standardized AAS structures into 8 "name": "ManufacturerID", "value": "
semantically-enriched knowledge graphs while main- DMG_MORI_DMU_50"
taining IEC 63278-1:2023 compliance [2]. 9 11
The implementation builds upon PlatinA’s ex-  1° "submodels”: [{"type": "ModelReference,
.. . . . 11 "y ", " ": "Sybmodel",
isting AAS infrastructure integrating heterogeneous fysl [*type ; m: < e
. . value": urn:manuracturing:supmodel:
equipment through AAS-Tool [16] with OPC UA . .
. . . . orce-monitoring"}]}]
connectivity [10]. While PlatinA achieves strong 13 )1,
performance through rule-based control and machine 14 "submodels": [{
learning, it lacks automated semantic reasoning for 15 "idShort": "ForceMonitoring",
cross-equipment decision-making. Our enhancement 16 "id": "urn:manufacturing:submodel:force-
introduces a knowledge graph layer transforming op- monitoring®,
. . . 17 "submodelElements": [{
erational AAS data into machine-understandable se- : ‘
5 N . . 18 "idShort": "cutting_forces",
mantic representat%or'ls supporting automated 1nfer- 19 "modelType": "SubmodelElementCollection™,
ence [3]. The milling system generates real-time 20 nvalue': [
telemetry including cutting forces along X, Y, Z axes 21 {"idShort": "force_x", "value": "245.2",
(Newtons), spindle speed and feed rate, and calibra- "unit": "N"},
tion status. It connects via OPC UA [10] to AAS 2 {"idShort": "force y", "value": "189.7",
Infrastructure where its digital representation follows ’s urz e d:Sh " t} s . -
! "idShort": "force z", "value': "312.17,
IEC 63278 [2] with IDTA Process Parameters sub- unien: nn -
model (IDTA 02031-1) [6]. o 1

Listing 1: Production AAS structure.
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This equipment exemplifies typical semantic inte-
gration challenges: heterogeneous data formats from
industrial sensors [17], real-time processing require-
ments for production control, context-aware decision
support needs, and integration with standardized AAS
implementations. The transformation pipeline imple-
ments bidirectional synchronization between AAS In-
frastructure and Apache Jena Fuseki [9] through a
Knowledge Graph Connector. Real-time sensor data
flows through OPC UA to the Event Broker, where
the Connector extracts AAS submodel data, enriches
it with semantic annotations using ontological map-
pings [12], and transforms it into RDF triples [18].
The Inference Engine processes semantic knowledge
using SWRL rules [13] to detect patterns and gen-
erate actionable insights flowing back to AAS In-
frastructure for closed-loop control [14]. The bidi-
rectional synchronization employs event-driven up-
date propagation with timestamp-based conflict res-
olution. When the Inference Engine generates new
knowledge, changes propagate back to AAS Infras-
tructure, updating relevant submodel elements while
preserving IEC 63278 compliance through last-write-
wins semantics. Listing 1 presents the complete AAS
structure with hierarchical asset information, sub-
model references, structured process parameters with
real-time measurements, and temporal metadata. This
organization follows IDTA specifications [6] while
providing semantic-ready data structures suitable for
RDF transformation.

| @prefix aas: <http://www.admin-shell.io/aas
/3/0/>
@prefix mfg: <http://example.org/ontology/

)

manufacturing/>
3 @prefix qudt: <http://qudt.org/schema/qudt/>
4 @prefix unit: <http://qudt.org/vocab/unit/>

5 <urn:manufacturing:milling:001>

6 rdf:type aas:AssetAdministrationShell ;
7 aas:idShort "MILLING_SYSTEM_001_AAS"
8 aas:hasSubmodel <urn:manufacturing:submodel:

force-monitoring>

9 <urn:manufacturing:milling:001:asset>

10 rdf:type mfg:MillingSystem , mfg:CNCMachine
i

11 mfg:manufacturer "DMG MORI"

12 mfg:compatibleMaterial mfg:Aluminum , mfg:
Steel

13 <element:cutting_forces>

14 rdf:type mfg:ForceVector ;

15 mfg:forceX [ qudt:numericValue "245.2"""xsd:
double ;

16 qudt :unit unit:N ] ;

17 mfg:forceY [ qudt:numericValue "189.7"""xsd
double ;

18 qudt :unit unit:N ]

Listing 2: Transformed RDF knowledge graph.

The force values shown (245.2, 189.7, 312.1 N)
represent typical operational measurements for alu-
minum milling operations under normal cutting con-
ditions. The Knowledge Graph Connector transforms
this AAS structure into RDF through systematic map-
ping rules. Listing 2 shows the resulting knowl-
edge graph in Turtle notation, preserving structural
information while enriching with explicit seman-
tic relationships including type hierarchies enabling
inheritance-based reasoning and physical quantities
modeled using QUDT ontology supporting automated
unit conversion. The semantic knowledge graph en-
ables sophisticated queries impossible with traditional
databases. Listing 3 demonstrates real-time force
deviation monitoring identifying equipment operat-
ing outside normal parameters by comparing mea-
surements against targets across three axes simulta-
neously.
| PREFIX mfg: <http://example.org/ontology/

manufacturing/>
PREFIX qudt: <http://qudt.org/schema/qudt/>

SR

4 SELECT ?system ?axis ?current ?deviation

5 WHERE {

6 ?system rdf:type mfg:MillingSystem ;
7 aas:hasSubmodel ?forceSubmodel
8 ?forceSubmodel aas:hasSubmodelElement *?

cuttingForces
9 ?cuttingForces mfg:forceX ?currentX
10 ?currentX qudt:numericValue ?current
11 BIND ("X" AS ?axis)
12 BIND (ABS (?current - 150.0) AS ?deviation)
13 FILTER (?deviation > 10.0)

Listing 3: Force deviation detection.

Listing 4 demonstrates cross-equipment capabil-
ity discovery based on material requirements and
technical specifications, combining multiple seman-
tic dimensions including material compatibility and
quantitative constraints.
| PREFIX mfg: <http://example.org/ontology/

manufacturing/>

5
3 SELECT ?equipment ?manufacturer ?capability
4 WHERE {

5 ?equipment rdf:type mfg:MillingSystem ;

6 mfg:compatibleMaterial mfg:
Titanium ;

7 mfg:manufacturer ?manufacturer ;

8 mfg:processingCapability ?
capability ;

9 aas:hasSubmodel/mfg:

positioningAccuracy ?accuracy
10 FILTER (?accuracy <= 0.010)

Listing 4: Capability discovery.
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4.1 Performance Evaluation

Table 2 presents performance measurements for criti-
cal operations in the semantic integration pipeline, av-
eraged over 10 executions to account for JVM warm-
up and system load variations.

Table 2: Performance metrics for semantic integration
pipeline.

Operation Time Execution Context

AAS-to-RDF 118ms State change trig-

Transform ger, asynchronous

Force Devia- | 43ms On-demand

tion Query SPARQL

Capability Dis- | 76ms On-demand

covery SPARQL

SWRL Infer- | 227ms Periodic batch (5-

ence 10s), Jena Rules

Write-back to | 95ms Event-driven  in-

AAS sights

Graph Storage 2.1MB 10,000 RDF triples
(Turtle)

Sensor data | 8 Hz Direct AAS (no se-

sync mantic overhead)

4.2 Real-Time Architecture

The semantic integration employs event-driven ar-
chitecture optimized for real-time operation. AAS
Infrastructure maintains 8 Hz synchronization with
physical assets (125ms cycle) using conventional
time-series storage. Semantic transformation operates
asynchronously: continuous monitoring flows real-
time sensor data to AAS at 8 Hz without seman-
tic overhead, while selective transformation (118ms)
triggers only on significant state changes rather than
every sensor reading. Periodic reasoning (227ms) ex-
ecutes in background threads at 5-10 second intervals,
with on-demand queries (43-76ms) executing when
intelligence is required. Event-driven synchroniza-
tion (95ms) occurs only when reasoning generates ac-
tionable insights. This architecture ensures the se-
mantic layer enhances rather than impedes real-time
control, with high-frequency operational data in time-
series storage for immediate access while the knowl-
edge graph provides reasoning for decision support
tasks where millisecond response is not critical.
Comparison with traditional databases reveals
trade-offs. While simple SELECT queries execute in
5-15ms, they cannot express semantic relationships in
Listings 3-4 without complex multi-table JOINs and
application logic. SPARQL queries combine material
compatibility, equipment capabilities, technical speci-
fications, and process parameters in single declarative

statements impossible to formulate efficiently in SQL,
justifying additional latency for reasoning-intensive
tasks.

4.3 Deployment Experience

The proof-of-concept implementation required ap-
proximately 6 person-weeks for initial development,
including ontology design (2 weeks with 3 domain
expert consultations), transformation pipeline imple-
mentation (2 weeks), SWRL rule development (1
week), and integration testing (1 week). Integra-
tion with existing PlatinA infrastructure was achieved
through standardized REST APIs without modifica-
tions to core AAS components, demonstrating the
incremental enhancement approach. The container-
ized architecture enabled seamless deployment along-
side existing AAS services with minimal infrastruc-
ture changes.

S DISCUSSION

The semantic enhancement introduces computational
overhead (118ms transformation, 227ms reasoning)
and implementation complexity (ontology engineer-
ing, maintenance) that must be justified by specific re-
quirements. Our analysis suggests knowledge graphs
provide maximum value in scenarios characterized
by: (1) cross-equipment reasoning where decisions
span multiple assets, materials, and processes; (2) dy-
namic material-process matching where novel combi-
nations arise frequently; (3) implicit relationship in-
ference where capabilities, properties, and require-
ments must be reasoned over without explicit pro-
gramming; and (4) knowledge preservation where
expert manufacturing knowledge should be captured
formally.

Conversely, semantic overhead may not be jus-
tified for: (1) simple monitoring where time-series
queries suffice; (2) well-defined repetitive processes
where rule-based control captures decision logic;
(3) single-equipment operations without cross-system
dependencies; and (4) environments lacking domain
expertise for ontology development. The PlatinA
platform demonstrates hybrid deployment where tra-
ditional databases handle high-frequency sensor data
while the knowledge graph addresses reasoning-
intensive tasks. This architectural pattern provides
practical balance between performance and intelli-
gence.
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The incremental enhancement approach mitigates
deployment barriers by maintaining existing AAS in-
frastructure while introducing semantic capabilities
selectively where they provide clear value. Manufac-
turing facilities can begin with limited integration for
specific use cases (equipment selection, maintenance
scheduling) and expand coverage as expertise devel-
ops, avoiding all-or-nothing adoption challenges hin-
dering semantic technology deployment in conserva-
tive industrial environments.

This proof-of-concept demonstrates technical feasi-
bility but has limitations requiring future work.

First, validation with a single milling system lim-
its generalizability claims across diverse manufactur-
ing equipment types. While PlatinA’s AAS infras-
tructure is designed for 50 concurrent devices and
currently integrates 3 systems, semantic integration
has only been validated with one proof-of-concept
system. Empirical validation across multiple hetero-
geneous systems under production loads with hun-
dreds of thousands of RDF triples remains neces-
sary to demonstrate scalability from single-system
proof-of-concept to infrastructure-wide deployment.
Second, ontology engineering and maintenance re-
quire specialized expertise in both semantic technolo-
gies and manufacturing domain knowledge, poten-
tially limiting adoption in resource-constrained en-
vironments. Third, SWRL reasoning performance
(227ms per inference cycle) may require optimiza-
tion strategies such as pre-computation or incremen-
tal reasoning for production deployments with com-
plex rule sets exceeding our current 8 rules. Fourth,
the proof-of-concept lacks comprehensive evaluation
of failure scenarios, error recovery mechanisms, and
long-term operational stability in 24/7 manufactur-
ing environments. Finally, while performance mea-
surements demonstrate acceptable latency for deci-
sion support tasks, integration with time-critical con-
trol loops requiring sub-100ms response may neces-
sitate architectural refinements or hybrid reasoning
approaches combining semantic inference with tradi-
tional rule engines.

6 CONCLUSIONS

This proof-of-concept validates technical feasibility
of semantic AAS integration through hybrid AAS-
Apache Jena Fuseki architecture, systematic AAS-
to-RDF transformation maintaining IEC 63278 com-
pliance, and SWRL-based automated reasoning for
equipment selection, maintenance prediction, and
quality assessment.

Practical applications include automated resource

allocation through semantic queries over capabil-
ity ontologies, cross-equipment process optimization
identifying compatible tool-material-machine combi-
nations, and predictive maintenance scheduling com-
bining calibration validity, force deviation patterns,
and sensor health indicators.

The primary objective of this work is establish-
ing the semantic foundation necessary for cognitive
assistance systems supporting manufacturing opera-
tors and engineers. This research contributes founda-
tional infrastructure enabling the PlatinA platform to
integrate Al-driven capabilities including natural lan-
guage interfaces for intuitive equipment interaction,
intelligent decision support combining machine learn-
ing with semantic reasoning, and context-aware assis-
tance adapting to operator expertise levels and current
manufacturing scenarios.

The knowledge graph architecture enables Al
systems to understand manufacturing relationships,
equipment capabilities, and process constraints, fa-
cilitating human-AI collaboration where cognitive as-
sistants augment rather than replace human exper-
tise. This work establishes semantic infrastructure en-
abling the PlatinA platform to integrate Al-driven ca-
pabilities including natural language interfaces, intel-
ligent decision support, and context-aware assistance
for manufacturing operators through federated
knowl-edge sharing across regional networks.

7 FUTURE WORK

Future work will address current limitations through
multi-system validation across diverse equipment
types to demonstrate generalizability, empirical scala-
bility testing expanding from single-system proof-of-
concept to PlatinA’s current 3-device deployment and
ultimately to the infrastructure’s 50-device design ca-
pacity, enhanced reasoning capabilities through tem-
poral and probabilistic reasoning, collaborative ontol-
ogy engineering methodologies, and comprehensive
industrial validation assessing long-term stability and
ROL
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