
Towards Provenance-Centric Spatial Data Supply Chains: A Review of Semantic Web 

Technologies 

Muhammad Azeem Sadiq1, Philip Kibet Langat2*, Arjun Neupane3 

1,2,3 School of Engineering and Technology, Central Queensland University, Rockhampton, QLD 4701, 

Australia.  email address: (M.A.S): m.sadiq@cqumail.com; (P.K.L):  p.langat@cqu.edu.au; ORCID iD: 

https://orcid.org/0000-0003-0412-4804; (A.N): a.neupane@cqu.edu.au 

 

*Correspondence: p.langat@cqu.edu.au 

 

Abstract 

Spatial data supply chains (SDSCs) require robust provenance mechanisms to ensure data quality, 

traceability, and interoperability across geospatial workflows. This study presents a systematic review 

of semantic web–based approaches to provenance modelling in SDSCs, synthesising evidence from 156 

studies published between 2001 and 2025. The review evaluates the use of semantic technologies, 

including RDF, OWL, SPARQL, and GeoSPARQL, and benchmarks existing provenance models 

against criteria of granularity, scalability, and standards compliance. The findings reveal fragmented 

lineage practices, limited feature-level provenance representation, and persistent challenges related to 

real-time processing, interoperability, and scalability. To address these gaps, the study identifies the 

need for GeoPROV, a minimal and interoperable semantic framework that extends W3C PROV with 

spatial semantics while maintaining compatibility with ISO lineage standards and emerging catalogue 

specifications. GeoPROV can enhance trust in real-world spatial data ecosystems. The review 

concludes by outlining practical implications for operationalising GeoPROV in SDSCs, identifying 

research priorities for automated provenance capture and big-data scalability, and highlighting the role 

of semantic reasoning in improving trust, transparency, and reproducibility in spatial data governance.  

Keywords: Spatial data supply chains (SDSCs), Geospatial provenance, spatial data infrastructure 

(SDI), Geospatial standards, GeoPROV framework 

1. Introduction 

Spatial data supply chains (SDSCs) are distributed, multi-actor ecosystems. They span the acquisition, 

transformation, analysis, and dissemination of geospatial data products and services. (1, 2). Unlike 

traditional supply chains, SDSCs face unique challenges. Coordinate system transformations, spatial 

resolution changes, multi-scale representations, and the inherent complexity of maintaining lineage 

across heterogeneous geospatial workflows are some of the challenging tasks (3-7). The provenance of 

spatial data documenting its data origin,  processing history, and transformation steps (8) has become 

critically important. This is because it ensures information quality, traceability, and trust in decision-

making processes (9) that increasingly rely on geospatial intelligence (10). 
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The evolution of spatial data infrastructures (SDIs) into service-oriented, cloud-native, and platform-

based architectures has exponentially increased the complexity of provenance tracking (11). 

Contemporary spatial data ecosystems involve multiple stakeholders, technologies, and governance 

frameworks, creating intricate webs of data dependencies that traditional lineage models struggle to 

capture comprehensively. This complexity is further amplified by the integration of emerging 

technologies, including Internet of Things (IoT) sensor networks, artificial intelligence (AI) and 

machine learning (ML) pipelines, and blockchain-based mechanisms for auditability and traceability 

(12-14). Although provenance has been extensively studied in scientific workflows, sensor networks, 

and data infrastructures, the integration of Semantic Web technologies with geospatial provenance 

remains inconsistent. Existing approaches typically combine W3C PROV with geospatial standards 

such as ISO 19115 lineage elements or GeoSPARQL; however, these integrations are often ad hoc, 

domain-specific, or insufficiently formalised. As a result, provenance representations are difficult to 

validate, reuse, or reason over across organisational and disciplinary boundaries, limiting their ability 

to support automated quality assessment, interoperability, and trust at scale. 

This study presents a systematic review of Semantic Web–based approaches to provenance modelling 

in SDSCs, synthesising evidence literature publications published between 2001 and 2025. The review 

examines how Semantic Web technologies,  including RDF, OWL, SPARQL, GeoSPARQL, and shapes 

constraint language (SHACL), are used to represent, validate, and query spatial provenance, and 

evaluates existing models against criteria of granularity, scalability, and standards alignment. Beyond 

synthesis, the paper identifies recurring ontology design patterns, interoperability limitations, and 

reasoning constraints that restrict the operational use of provenance in real-world SDSCs. 

Based on this analysis, we introduce GeoPROV, a lightweight semantic profile that extends PROV-O 

with explicit spatial semantics while maintaining compatibility with established Semantic Web and 

geospatial standards. GeoPROV is positioned not as a replacement for existing models, but as a 

minimal, interoperable layer that formalises spatial provenance concepts for linked-data publication, 

constraint validation, and cross-domain reuse. This work articulates design principles and research 

priorities for provenance-centric spatial knowledge graphs. It advances the role of semantic web 

technologies in enabling trustworthy, explainable, and interoperable spatial data ecosystems. 

The remainder of this paper is organized as follows: Section 2 describes the review methodology and 

analysis approach, including the PRISMA protocol and coding schema. Section 3 synthesizes key 

concepts, standards, semantic web technologies, and existing spatial provenance models, highlighting 

their relevance to Spatial Data Supply Chains (SDSCs). Section 4 examines integration patterns, 

querying and reasoning capabilities, and interoperability challenges in current frameworks. Section 5 

discusses research gaps and limitations, followed by future research priorities. Finally, Section 6 



concludes with practical implications of the proposed GeoPROV framework and recommendations for 

advancing provenance-centric SDSCs. 

2. Method and analysis 

2.1 Review Method and Protocol 

This study employed a systematic literature review guided by PRISMA to ensure rigor and transparency. 

The protocol targeted research on provenance modeling in SDSCs using semantic web technologies 

published between 2001 and 2025. The process followed six phases. These included defining research 

questions and criteria, database searching, screening, full-text assessment, data extraction and synthesis, 

and narrative analysis to identify patterns and gaps. Figure 1 illustrates the PRISMA flow, including 

database retrieval (e.g., Scopus, Web of Science, IEEE Xplore), duplicate removal, screening, and final 

inclusion. 
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Fig. 1. PRISMA flow diagram illustrating the systematic review process for semantic web–based 

provenance modelling in spatial data supply chains (SDSCs).  

2.2 Analysis approach 

The study applied a structured coding framework to classify and interpret literature across three 

dimensions: domains, capture modes, and representation approaches. A detailed codebook with 

definitions, examples, and inclusion criteria ensured consistent tagging during screening and extraction. 

Domains covered earth observation, cadastral systems, hydrology, LADM, BIM, pipelines, smart cities, 

environmental monitoring, transportation, and disaster response. Capture modes included native tool 

outputs, orchestrator-level interception, log-to-graph adapters, manual annotation, automated metadata 

extraction, and service-oriented capture. Representation approaches spanned W3C PROV models, ISO 

lineage standards, custom ontologies, GeoSPARQL, DCAT/Geodata alignment, SOSA/SSN models, 

and hybrid solutions. This multi-label coding enabled nuanced insights into provenance modelling, 

semantic integration, and interoperability challenges in spatial data workflows. 

The evolution diagram (Table 1) was derived from systematic review coding. Each study was mapped 

by year and research focus—foundational provenance, workflow integration, Linked Data ontologies, 

quality governance, or industry-scale automation. These were grouped into four periods (2007–2011, 

2012–2014, 2015–2017, 2018–2025) to reveal thematic shifts. Summaries for each period informed a 

timeline illustrating progression from foundational models to geospatial specialisation, Linked Data 

integration, and automated SDSC applications. 

Table1: Evolution of Semantic Provenance Research in Spatial Data (2007–2025) 

Period Theme Summary 

2021–

2025 

Advanced systems, 

automation & 

industry 

applications 

Operationalised automated capture (semantic execution engines, 

SHACL validation), scalable graph storage, and catalogue links 

(e.g., DCAT/STAC). Demonstrated industry use cases—Earth 

Observation auditing, climate traceability, smart supply chains—

showing improved integrity, interoperability, and adaptability in 

mission-critical SDSCs. 

2015–

2020 

Domain ontologies 

and Linked Data for 

SDSC 

Introduced domain-specific extensions (e.g., land administration, 

biodiversity) and Linked Data publication of provenance. Advanced 

GeoSPARQL use, catalogue/crawl integration, and workflow 

chaining. Granularity and end-to-end traceability across SDSCs 

emerged as central design goals. 

2012–

2014 

Geospatial 

provenance 

modelling and 

workflow 

integration 

Adapted provenance to spatial contexts: feature/attribute level, 

mappings between ISO lineage and semantic models, and 

provenance-aware geoprocessing web chains. Emphasis on auditing 

conflation, CRS/transform steps, and associating lineage with data 

quality assertions. 

2007–

2011 

Foundational 

semantic position 

and architectures 

Operationalised semantic foundations for provenance using RDF 

and early workflow integrations. Defined generic entity-agent 

patterns and service-aware capture, linking provenance to web 

resources and catalogues to enable basic interoperability and query. 



 

3. Concepts, standards, semantic web technologies, and existing models. 

3.1 SDSC definition and relevance  

A SDSC is an end-to-end ecosystem of actors, processes, and technologies that create, transform, and 

deliver geospatial products and services. Beyond traditional data lineage, SDSCs integrate governance, 

quality assurance, and trust mechanisms to ensure data fitness for decision-making. They involve 

complex spatial operations, temporal updates, and thematic enrichment across distributed systems. This 

process requires machine-actionable provenance that links entities, activities, and agents (e.g., W3C 

PROV-O) with geospatial semantics (e.g., GeoSPARQL) and metadata standards (e.g., DCAT, ISO 

19115/19157). Provenance is critical across domains ranging from earth observation and cadastral 

workflows to hydrology and environmental monitoring. It also underpins AI and machine learning 

pipelines by supporting traceability, accountability, and compliance. Aligning semantic provenance 

with Spatial Data Infrastructure (SDI) and catalogue standards reduces compliance burden, enables 

defect tracing, and enhances trust in geospatial data ecosystems. 

Table 2 summarises major research themes for SDSC provenance. These cover supply chain principles, 

transparency and trust, and Earth observation platforms. They also include SDSC architectures, 

interoperability strategies, and lineage standards.Additional themes address feature-level and scalable 

provenance, machine learning workflows, and quality elements.  Governance, compliance, policy 

frameworks, versioning practices, and smart city data management are also included. To highlight 

opportunities for advancing semantic provenance modelling, each theme presents representative 

studies, methodological approaches, comparative contributions, limitations, SDSC relevance, and 

identified gaps. 

The synthesis of key themes highlights important limitations. Foundational supply chain management 

models, such as SCOR and SCOR digital standard (DS), provide process discipline and traceability. 

However, they lack spatial semantics and feature-level granularity. These capabilities are essential for 

spatial data supply chains. Emerging efforts in earth observation (EO) data platforms and SDSC 

architectures demonstrate progress toward provenance-centric workflows but face scalability, 

interoperability, and quality integration challenges. Interoperability remains a critical barrier, with RDF-

based approaches offering promise yet incurring high integration costs. Lineage standards like 

International Organisation for Standardisation (ISO) and World Wide Web Consortium Provenance 

Ontology (W3C PROV) establish canonical structures but fall short in capturing intermediate outputs 

and dynamic workflows. Advanced themes, such as feature-level provenance, scalable lineage for big 

spatial data, and ML workflow integration, highlight the need for domain-specific profiles and real-time 

capture mechanisms. Governance, compliance, and versioning considerations further underscore the 

importance of harmonizing technical and policy vocabularies. Collectively, these gaps highlight the 



need for a comprehensive semantic framework. 

Such a framework should extend W3C PROV with spatial semantics, support scalable automated 

lineage capture, and align with standards such as spatial temporal asset catalogue (STAC) to ensure 

trust, transparency, and interoperability in SDSCs. 

Table 2. Summary of key themes, representative studies, methods/standards, contributions, 

limitations, SDSC relevance, and enhancement opportunities identified. 

Theme 
Methods 

standards 

Contributions 

(comparative) 

Limitations / 

critiques 

SDSC 

relevance 

Gaps & 

enhancement 

opportunities 

SCM 

foundations 

(15, 16) 

SCOR/SCOR-D

S 

Process and 

performance 

discipline; unifies 

plan, source, 

make, deliver, 

and return  

Abstract wrt 

data 

semantics; 

limited 

guidance for 

feature-level 

lineage  

Frames 

SDSC 

processes  

Couple 

SCOR-DS 

KPIs with 

lineage KPIs 

(coverage of 

provenance, 

parameter 

completeness)  

Transparenc

y & trust 16, 

17) 

EPCIS 2.0; DPP  

Converts ethics 

and standards 

into traceability 

standards; event-

level visibility  

Supply-chai

n oriented; 

limited 

geospatial 

semantics  

Provenan

ce 

expectati

ons 

baseline  

Bridge EPCIS 

events ↔ 

PROV-O/ISO 

lineage 

(crosswalk 

profile)  

EO data 

platforms 

(17-19) 

Open-source, 

NCI, ARD  

Makes 

provenance 

central to EO data 

cubes; identifies 

schema evolution 

pain  

Relational 

index 

performance

; provenance 

scale issues  

SDSC 

case 

study  

Graph native 

lineage; PID-

based feature 

versioning; 

partial 

reprocessing 

plans  

SDSC 

architecture 

(20-22) 

SDSC samples: 

user perspective  

Finds capability 

gaps, proposes 

Common 

Reference 

Architecture, and 

exposes metadata 

insufficiency 

Lacks 

concrete 

standard 

mappings 

Direct 

Map 

architecture to 

OGC APIs, 

GeoSPARQL, 

and ISO 

19157-1; add 

user-facing 

fitness-for-use 

templates 

Interoperabil

ity (23-27) 
SDI, Linked Data 

Documents 

heterogeneity 

barriers; shows 

RDF/SPARQL 

linking and 

versioning 

High 

integration 

cost; patchy 

quality/upda

tes 

Central 

Automate 

schema/project

ion 

harmonisation; 

publish deltas 

with PROV. 



Theme 
Methods 

standards 

Contributions 

(comparative) 

Limitations / 

critiques 

SDSC 

relevance 

Gaps & 

enhancement 

opportunities 

Lineage 

standards 

(28, 29) 

ISO lineage; 

quality; PROV 

Canonical lineage 

and quality 

grammar; 

parameter capture 

via 

LE_ProcessPara

meter 

Intermediate 

outputs and 

result 

validation 

are still 

weak. 

Core 

Define a 

domain-specifi

c “Geo-PROV 

profile” for 

feature/attribut

e lineage and 

validation 

artefacts 

Feature/attri

bute 

provenance 

(30-33) 

ISO + WPS/OGC 

API—Processes 

+ PROV  

Demonstrates 

feature/attribute-

level capture and 

publishing  

Workflow 

dependencie

s in 

non-sequent

ial flows 

High 

Add 

streaming/real-

time 

parameters; 

standardize 

step 

granularity; 

provenance for 

conflation at 

scale 

Scalable 

lineage (34-

38) 

Sedona; Spark–

Atlas  

Spatial big-data 

operators; 

production 

lineage capture 

across pipelines 

No domain 

capture 

profile; 

limited 

quality 

semantics 

High 

A capture 

profile for 

spatial ops 

(operators, 

tolerances, 

CRS, indexes) 

ML & 

workflow 

provenance 

(39-41) 

Script analysis 

(Vasa); 

CWLProv 

Extracts 

data-model 

relations; 

interoperable 

workflow 

provenance 

Code-centri

c; not 

feature-centr

ic 

Moderate 

Align ML 

provenance 

with spatial 

features; record 

feature 

engineering 

lineage. 

Quality 

elements 

(42-45) 

Accuracy/consist

ency metrics 

Operationalises 

tests and rules for 

fitness for 

fitness-for-purpo

se 

Often siloed 

from lineage 
Central 

Bind every 

metric to 

explicit lineage 

step IDs and 

parameter 

bundles. 

Governance 

& 

compliance 

(46-48) 

Lineage for 

GRC; GDPR 

Demonstrates 

lineage as a 

compliance 

enabler 

Cross-walki

ng legal and 

technical 

vocabularies 

is hard 

High 

Ontology 

bridges (policy 

↔ process); 

purpose 

limitation 

recorded in 

lineage 

Australian 

policy (49-

52) 

Data sharing; 

certification 

Transparency 

registers; 

interoperability 

assurance 

Implementat

ion 

variability 

Direct 

Mandatory 

provenance 

disclosures in 

DSAs; certify 

lineage APIs 



Theme 
Methods 

standards 

Contributions 

(comparative) 

Limitations / 

critiques 

SDSC 

relevance 

Gaps & 

enhancement 

opportunities 

Versioning 

(53-55) 

PID/version 

policies 

Multi-level 

chains; 

partial/full 

reprocessing 

strategies 

Tooling 

fragmentatio

n 

High 

PID at 

feature-level; 

diff/patch 

lineage; 

change-impact 

dashboards 

Smart cities 

(56) 

Digital twins; 

CRS 

Machine-readabl

e provenance and 

CRS/datum 

history 

Cross-domai

n semantic 

alignment 

High 

Auto-capture 

CRS/datum per 

step; legal 

metadata for 

cadastre 

 

3.2 Supply chain management and SDSC 

Traditional supply chain management (SCM) (57) concepts provide a useful foundation for 

understanding spatial data flows but require significant adaptation to address the unique characteristics 

of geospatial information (58). Unlike physical goods, spatial data can be consumed simultaneously by 

multiple users, transformed without depleting the original resource, and combined in complex ways to 

create new information products (59-65). Consequently, data supply chains have evolved from simple 

linear models to complex, interconnected networks that reflect the dynamics of modern data ecosystems 

(66, 67). 

SDSCs exhibit distinctive characteristics that go beyond traditional data lineage models. These include 

spatial transformations (e.g., reprojection, resampling, generalisation), temporal evolution (e.g., 

versioning, updates, time-series aggregation), and semantic enrichment (61, 68-70) (e.g., classification, 

feature extraction, spatial reasoning). Governance within SDSCs involves multiple stakeholders with 

varying authority and responsibilities, creating intricate trust relationships that must be captured and 

validated through robust provenance mechanisms (29, 33). 

SDSC represents the end-to-end pathway through which geospatial information is created, processed, 

validated, shared, and used across diverse systems and organisations. Similar to traditional supply 

chains, SDSCs involve multiple actors, data collectors, processors, analysts, custodians, publishers, and 

end-users, each introducing value, uncertainty, or risk to the evolving dataset. Their importance has 

grown as spatial information becomes critical for decision-making in domains such as environmental 

monitoring, transport planning, mining, smart cities, and emergency management. A well-governed 

SDSC ensures that lineage, quality, and trustworthiness are traceable at every stage, enabling users to 

assess fitness for purpose. However, findings summarised in Table 3 indicate that while semantic 

provenance models have advanced, most fail to fully capture the multi-stage, multi-actor nature of 



SDSCs. This gap underscores the need for a provenance framework aligned with real operational 

dynamics, where understanding how data travels is as critical as understanding the data itself. 

Table 3. Data quality elements, practical metrics, and recommended Storage Locations 

Quality element 
Typical 

metrics/diagnostics 
Capture point Store in… 

Positional 

accuracy 

RMSE vs. reference, 

offset stats, checkpoints 

Transform/QA 

step 

ISO 19157 quality section; 

PROV note on reference 

used; QA tables 

Attribute 

(thematic) 

accuracy 

Confusion matrix, 

precision/recall 

Transform/QA 

step 

ISO 19157 measures; PROV 

entity for the validation 

dataset. 

Logical 

consistency 

Topology errors, domain 

checks 
Ingest/Transform 

ISO 19157 logical checks; 

graph constraints 

Completeness 

Missing 

features/attributes, 

coverage 

Capture/Ingest 

ISO 19157 completeness; 

cube/tiling coverage 

metadata 

Lineage 
Sources, steps, 

parameters, agents, dates 
All steps 

ISO 19115-2 lineage; 

PROV-O graph 

 

3.3 Provenance Concepts and Standards 

Provenance in spatial data encompasses both retrospective provenance (documenting what happened) 

and prospective provenance  (8, 71) (recording what should happen) across the entire data lifecycle. It 

has evolved from simple audit trails to semantic models capable of supporting complex queries about 

data quality, trustworthiness, and fitness for purpose. Provenance elevates data from a passive input to 

a strategic asset (26, 72-74). In domains such as autonomous vehicles, underground utilities, and 

geofencing, decision quality depends on traceable, machine-readable spatial context (75-77). Data 

lineage records the data’s origin, how it was transformed, and where it flows next (5, 78). 

Versioning is critical (54) because it shows that sequential histories of evolving data products underpin 

reproducibility. In Digital Earth Australia (DEA), interdependencies and algorithmic updates require 

feature-level versioning with persistent identifiers (79, 80). DEA experience emphasises distinguishing 

between partial and full reprocessing and defining ingest properties coordinate reference system (CRS), 

resolution, chunking, compression, and CF conventions to stabilise downstream analyses (81). 

The W3C PROV standard dominates provenance representation, offering an entity–activity–agent 

model (7, 33, 82-85). However, applying PROV to spatial data requires geospatial semantics and CRS 

integration, which are absent from the core model. The focus should increasingly be on combining 

PROV with domain vocabularies and spatial standards. 

Semantic web based SDSC provenance modelling is vital as data volumes surge (86-89). From early 

sensor web efforts (25, 59, 90-93) to semantic ontologies for interoperability (85, 87, 94-97)  , progress 



continues. Yet challenges persist in granular capture, dynamic workflows, and semantic integration (98). 

The absence of standardised, semantically rich models hampers reproducibility, error tracing, and trust 

in spatial infrastructures. 

A framework linking SDSCs, provenance metadata, and semantic web technologies, emphasising 

ontology-driven representation and querying (94, 99, 100) is crucial. Provenance is essential for 

transparent, interoperable workflows and contextual quality assessment (101, 102). ISO 19157-1:2023 

defines core quality elements, positional accuracy, attribute accuracy, logical consistency, completeness, 

and lineage each requiring systematic capture and storage. Table 3 summarises practical metrics and 

storage strategies. These include positional accuracy using RMSE and checkpoints recorded under ISO 

19157 with PROV annotations, and attribute accuracy assessed through confusion matrices linked to 

validation datasets. It also covers logical consistency via ISO rule checks, completeness from coverage 

metadata at acquisition, and end-to-end lineage captured using ISO 19115-2 structures and PROV-O 

graphs. Studies demonstrate semantic integration of PROV-O with ISO lineage for feature-level capture 

and SPARQL-based auditing (33, 103, 104), workflow-centric graph models (33, 90, 105, 106), and 

scalable big-data lineage solutions (15, 107-110). Despite progress, gaps remain in proactive capture, 

intermediate result validation, and domain-specific profiles, underscoring the need for standardised, 

semantically rich provenance frameworks. 

3.4 Evolution of semantic provenance Research in spatial data 

Research on provenance modelling for spatial data supply chains using semantic web technologies has 

evolved from foundational frameworks to advanced, domain-specific applications. Earlier studies 

focused on developing semantic provenance models (82, 90, 99, 111), architectures , and standards for 

integration to support traceability and data quality assessment.(47, 112), Later work shifted towards 

geospatial workflows, feature-level granularity, and interoperability challenges, leveraging ontologies, 

linked data, and semantic execution engines (101, 113, 114). Recent developments incorporate big data 

integration, automated reasoning, and practical implementations across specific domains, underscoring 

the role of provenance in trust (115), interoperability (85, 101), and data governance (96, 110, 116). 

The reviewed literature consistently highlights the importance of semantic web technologies for 

enhancing provenance modelling in spatial data supply chains, particularly through extensions to 

standards such as W3C PROV (36, 83-85, 95, 102, 111, 117-119) and ISO geospatial metadata (29, 40, 

61, 120). There is broad consensus on the need to capture provenance at multiple levels of granularity, 

including feature and attribute levels, to ensure data quality and trustworthiness. However, differences 

emerge regarding the degree of integration with automated geospatial workflows and the sophistication 

of querying and reasoning capabilities. These variations reflect differences in domain focus, technical 

scope, and implementation maturity. Interoperability challenges and inconsistencies in standard 



compliance also persist, often due to heterogeneous application contexts and evolving semantic 

frameworks. 

3.5 Semantic Web Technologies (RDF, OWL, SPARQL) 

The semantic web technology stack provides the foundational technologies for representing, storing, 

and querying provenance information in machine-readable formats (83, 121-124). RDF serves as the 

basic data model for expressing provenance relationships, while the OWL enables the definition of 

domain-specific vocabularies and reasoning rules (108, 125-129). SPARQL Protocol and the (SPARQL 

provides the query interface for accessing and analysing provenance information across distributed 

systems(40, 61, 130).  

The application of semantic web technologies to spatial data provenance presents both opportunities 

and challenges. On one hand, the flexibility of RDF enables the representation of complex spatial 

relationships and transformations that are difficult to capture in traditional relational models. On the 

other hand, the verbosity of RDF can lead to performance challenges when dealing with large-scale 

spatial datasets, requiring careful optimization of storage and query strategies. Table 4 shows that most 

provenance studies rely on the classic Semantic Web stack: RDF (88.8%) for representation, SPARQL 

(80.9%) for querying, and OWL (71.9%) for ontologies and reasoning. Specialised technologies appear 

less frequently but serve specific roles: GeoSPARQL (33.7%) for spatial queries, SHACL (20.2%) for 

validation, and JSON-LD (28.1%) for web-friendly RDF serialisation. Overall, RDF, SPARQL, and 

OWL form the core, while GeoSPARQL, SHACL, and JSON-LD address spatial, validation, and 

integration needs. 

Table 4: Semantic Technology Adoption Patterns 

 

3.6 Existing spatial provenance models 

Technology Studies (n) Percentage Primary Use Cases 

RDF 79 88.8% Basic provenance representation 

SPARQL 72 80.9% Provenance querying and discovery 

OWL 64 71.9% Ontology definition and reasoning 

GeoSPARQL 30 33.7% Spatial queries over provenance 

SHACL 18 20.2% Provenance validation and constraints 

JSON-LD 25 28.1% Web-friendly RDF serialization 



Spatial provenance modelling is anchored in three key standards: W3C PROV, ISO lineage and quality 

standards, and GeoSPARQL. The W3C PROV family provides a technology-neutral model for 

representing provenance on the web, built around core concepts—entity, activity, and agent, and 

relations such as prov:used, prov:wasGeneratedBy, and prov:wasDerivedFrom (33, 131). PROV-O, the 

OWL/RDF ontology, forms the backbone for semantic provenance and is extended by GeoPROV to 

incorporate geospatial entities, operations, and parameters for SDSCs. ISO 19115 and ISO 19157 

complement PROV by defining metadata and data quality standards. ISO 19115 specifies lineage 

elements (LI_Lineage, LI_ProcessStep, LI_Source) for catalogue-level documentation, while ISO 

19157 formalizes quality measures such as completeness, positional accuracy, and logical consistency 

(ISO, 2013, 2014). These standards serve as the catalogue-facing layer, while PROV-O and 

GeoSPARQL enable machine-actionable provenance graphs.  GeoSPARQL extends RDF/SPARQL 

with spatial vocabularies and topological functions (132) , allowing queries that combine provenance 

paths with spatial predicates. Integrating these standards addresses heterogeneity in schemas and CRSs 

(Figure 2) but remains challenged by tooling maturity and feature-level granularity at scale (29, 33, 103, 

104, 133).  

 

Figure 2. GeoPROV integration conceptual architecture. GeoPROV sits between generic provenance 

standards (W3C PROV/PROV-O) and geospatial standards (ISO 19115/19157, GeoSPARQL, STAC), 

providing a minimal, interoperable semantic layer that enables provenance-centric, standards-compliant 

spatial data supply chains (SDSCs). 

Table 5 illustrates the distribution of provenance models and frameworks adopted in spatial data supply 

chain research, as summarised in Table 4. It compares five categories: W3C PROV/PROV-O, ISO 

19115/19157 lineage standards, custom domain ontologies (e.g., GeoPROV, BioProv), the open 

provenance model (OPM), and hybrid approaches combining multiple standards. The visualisation 



highlights W3C PROV as the dominant model, used in 67.4% of studies (n = 60), followed by ISO 

lineage standards at 44.9% (n = 40). Custom ontologies account for 22.5% (n = 20), while OPM and 

hybrid approaches represent 16.9% (n = 15) and 13.5% (n = 12), respectively. This figure emphasises 

the trend toward semantic interoperability, with PROV-based models forming the backbone of most 

implementations and ISO standards providing complementary, catalogue- lineage and quality 

structures. 

Table 5 Adoption of Provenance Models and Frameworks in SDSC 

Model/Framework 

Studies 

(n) Percentage Key Characteristics 

W3C PROV/PROV-O 60 67.4% Generic provenance vocabulary, 

extensible 

ISO 19115/19157 Lineage 40 44.9% Geospatial-specific metadata 

standards 

Custom Domain Ontologies 20 22.5% Specialised vocabularies 

(GeoPROV, BioProv) 

Open Provenance Model 

(OPM) 

15 16.9% Legacy provenance model, 

mapped to PROV 

Hybrid Approaches 12 13.5% Combination of multiple 

standards 

 

4. Integration, Querying, and Interoperability 

4.1 Integration of Semantic Provenance Models in SDSCs 

Semantic provenance models are increasingly integrated into SDSCs to support data discovery, 

traceability, and validation across distributed geospatial workflows (Table 6).  In most implementations, 

provenance is embedded as supplementary metadata alongside datasets or services, rather than treated 

as a first-class, queryable knowledge graph. Provenance capture is commonly implemented at discrete 

stages of the data lifecycle, such as ingestion, processing, or publication, using workflow engines, 

catalogues, or custom middleware components. 

While several studies demonstrate successful integration of PROV-based representations within 

geospatial processing pipelines, these integrations are often tightly coupled to specific platforms or 

application domains. As a result, provenance graphs are rarely reusable across SDSCs or interoperable 

between systems. From a Semantic Web perspective, this limits the ability to link provenance entities 



across organisational boundaries and to exploit global identifiers, shared vocabularies, and reasoning 

services. Moreover, the lack of explicit spatial semantics constrains the representation of feature-level 

lineage and spatial transformations, reducing the explanatory power of provenance graphs in 

operational settings. 

Table 6: Integration Architectural Patterns   

Pattern 

Studies 

(n) Advantages Limitations 

Embedded Capture 32 High completeness, real-

time 

Tool modification 

required 

Service-Oriented 28 Scalable, standardised May miss minute details 

Post-hoc 

Reconstruction 

21 Non-invasive, retroactive Incomplete, error-prone 

Hybrid Approaches 8 Balanced trade-offs Complex 

implementation 

 

4.2 Querying and Reasoning over Spatial Provenance 

Querying provenance information is central to its value in SDSCs, enabling users and systems to trace 

data origins, inspect processing histories, and assess fitness for purpose. Most reviewed studies rely on 

SPARQL queries over RDF representations of PROV-based graphs, occasionally augmented with 

GeoSPARQL for spatial filtering and topological relations.  In practice, querying is predominantly 

limited to dataset- or process-level relationships, with limited support for feature-level lineage or 

parameter-specific interrogation (Table 7). Reasoning over provenance graphs is less commonly 

implemented and typically restricted to lightweight inferencing, such as subclass reasoning or property 

inheritance. Although OWL-based reasoning has been proposed to infer implicit dependencies or 

validate workflow consistency, scalability concerns and the complexity of spatial reasoning often limit 

adoption. This reflects a broader tension between expressive provenance models and computational 

tractability, particularly when provenance graphs grow large or are generated continuously. 

Consequently, many systems prioritise query performance over semantic richness, resulting in 

underutilisation of reasoning capabilities for trust assessment and automated validation. 

Table 7: Querying and Reasoning Capabilities 



Capability Studies (n) Percentage Complexity Level 

Basic Lineage Traversal 84 94.4% Simple 

Temporal Provenance Queries 37 41.6% Moderate 

Spatial-Provenance Queries 30 33.7% Moderate 

Trust and Quality Assessment 28 31.5% Complex 

Automated Reasoning 34 38.2% Complex 

Cross-dataset Integration 25 28.1% Complex 

 

About one-third of the reviewed studies (33%) support provenance querying via SPARQL endpoints, 

semantic web services, and linked data catalogues, enabling the retrieval of detailed metadata. 

Advanced capabilities include rule-based reasoning for quality inference, formal verification, and 

explanation generation, complemented by interactive visualisation tools and semantic dashboards for 

user interpretation. Some frameworks allow complex spatial, temporal, and thematic queries over 

provenance graphs to support reproducibility and error tracing, though query performance remains a 

major challenge for large-scale implementations. 

4.3 Interoperability across Standards and Platforms  

Most studies adopt established standards (Table 8) , such as W3C PROV, ISO 19115/19115-2 lineage, 

OGC specifications, and EPCIS, to ensure interoperability in supply chains (30, 98, 104, 109, 134). 

Several works propose mappings between standards (e.g., ISO to OPM) to address heterogeneity, while 

semantic web principles and linked data are used to enhance cross-domain integration and sharing (104, 

135). Persistent challenges include standardising provenance granularity and embedding capture 

seamlessly in diverse geospatial workflows (4, 98, 109). Overall, the analysis reveals a tension between 

semantic expressiveness and strict standards compliance, often requiring custom extensions or 

mappings to reconcile generic models with domain-specific needs. 

 Interoperability remains one of the most persistent challenges in semantic provenance modelling for 

SDSCs. Existing approaches frequently combine W3C PROV with ISO 19115 lineage elements, 

GeoSPARQL vocabularies, and domain-specific ontologies. However, these combinations are often 

implemented through informal mappings or hard-coded transformations rather than explicit, machine-

interpretable alignments. As a result, provenance representations remain fragmented, hindering cross-

platform reuse and federation. 



From a semantic web standpoint, interoperability is further constrained by inconsistent use of 

identifiers, limited adoption of shared ontology design patterns, and the absence of constraint validation 

mechanisms. Few studies employ SHACL or similar technologies to enforce structural or semantic 

consistency in provenance graphs. This gap is particularly problematic for SDSCs operating across 

organisational or jurisdictional boundaries, where provenance must be exchanged, interpreted, and 

trusted by heterogeneous stakeholders. Without formalised semantic profiles, provenance models risk 

becoming bespoke artefacts rather than interoperable components of a broader linked-data ecosystem. 

 

Table 8: Standards Compliance and Interoperability 

 

4.4 Implications for Scalable and Trustworthy SDSCs 

Taken together, the reviewed literature indicates that current semantic provenance implementations fall 

short of supporting scalable, interoperable, and trustworthy SDSCs. Provenance is often captured 

retrospectively, queried superficially, and integrated in ways that limit reuse beyond local contexts. 

These limitations are not inherent to Semantic Web technologies themselves, but rather reflect the 

absence of lightweight, standardised semantic profiles tailored to spatial data workflows. 

This observation motivates the need for provenance models that balance semantic expressiveness with 

practical deployability. Such models should support feature-level spatial lineage, align explicitly with 

existing geospatial standards, and remain compatible with scalable RDF storage and querying 

infrastructures. In this context, the following section introduces GeoPROV as a minimal semantic 

Standard/Specification Studies (n) Compliance Level Integration Challenges 

OGC Web Services 45 High Legacy system integration 

DCAT/GeoDCAT-AP 30 Moderate Semantic mapping complexity 

STAC 11 Emerging Limited provenance extensions 

ISO 19100 Series 52 High Semantic gap with PROV 

Dublin Core 28 Moderate Limited spatial semantics 



profile designed to address these challenges by formalising spatial provenance concepts while 

preserving interoperability with established Semantic Web standards. 

5. Research gaps and limitations of the review. 

The literature on SDSC provenance using semantic web technologies shows a strong reliance on 

standards such as W3C PROV and ISO lineage models, complemented by semantic approaches that 

enhance interoperability and granularity. Key strengths include ontology-driven provenance capture, 

advanced querying, and practical implementations that enhance trust and transparency. However, 

challenges remain in achieving fine-grained provenance, standardisation across heterogeneous systems, 

and scalability for big data (11, 136, 137). While semantic execution engines and linked data offer 

promise for automation, adoption is limited by complexity and domain-specific constraints. Overall, 

the trend points toward more expressive, interoperable, and user-centric frameworks, with gaps in 

completeness, usability, and cross-domain applicability still to be addressed. Emerging themes address 

challenges related to provenance granularity, quality assurance, and automation of provenance capture, 

reflecting an evolving landscape responsive to both theoretical modelling and practical implementation 

needs (9, 138-140). Table 9 provides a comparative view of methodological trade-offs and 

implementation gaps identified in the literature. 

Table 9: Strengths and weaknesses in provenance automation and big data scalability 

Aspect Strengths Weaknesses 

Provenance 

modelling 

frameworks 

W3C PROV is widely extended with 

domain vocabularies (GeoSPARQL, 

DC/DCAT), yielding expressive, 

interoperable models for SDSC contexts; 

land-admin examples show end-to-end 

chains(141-143)   

Feature/attribute-level detail and 

update/series handling are 

inconsistent; approaches 

fragment by domain, 

complicating reuse. (98, 104, 

109) 

Integration with 

geospatial 

workflows and 

services 

Automatic chaining and 

provenance-aware GIService/WPS 

workflows demonstrate capture “where 

work happens”; linked data publication 

improves transparency (3, 6, 7). 

Heterogeneous platforms and 

divergent metadata reduce 

plug-and-play; capture points 

remain incomplete in many SOA 

stacks (59). 

Granularity and 

expressiveness 

Several works type workflows 

(tools/algorithms/functions) and attach 

QA to steps, supporting error tracing and 

reuse. (3, 39, 104, 144) 

Dataset-level provenance 

dominates; fine-grained 

(feature/attribute) patterns are 

rare and burdensome to 

model/query at scale. (98, 104) 



Aspect Strengths Weaknesses 

Querying, 

reasoning and 

visualisation 

SPARQL/OWL reasoning enables 

derivation tracing, quality inference and 

re-orchestration; catalogue registration 

and dashboards aid fitness-for-use(61, 

145).  

Large provenance graphs 

challenge latency and usability; 

explanation/UX for non-experts 

and formal verification remain 

under-developed (140, 146-148)  

Interoperability 

and standardisation  

Alignments among ISO 19115/-2 

lineage, OGC specs and PROV exist; 

mappings (e.g., ISO→OPM/PROV) 

reduce silos; “common models” 

encourage continuity (85, 96, 101, 102, 

116, 125, 149-152) 

Persistent heterogeneity and 

vendor-specific extensions hinder 

cross-domain exchange; no 

universally accepted 

geo-provenance profile yet. (33, 

38, 98, 127)  

Automation and 

semantic execution 

engines 

Runtime capture via semantic engines 

(61, 92, 153), agents and model-driven 

harvesting improve completeness and 

reduces manual effort.  

High integration effort in 

complex, distributed SDSCs; 

customisation and domain 

know-how needed; 

streaming/real-time scenarios 

stress pipelines (90, 96, 120). 

Big-data 

integration and 

scalability 

Ontology-based integration and 

linked-data lifecycle tooling show 

potential for scalable enrichment with 

provenance control (40, 73, 96).  

Reasoning/storage bottlenecks 

and distributed consistency limit 

practical deployment at 10^7–

10^9-triple scales (154-156).  

 

The practical implications of GeoPROV and Semantic Web technologies extend beyond conceptual 

modelling to operational use in real-world spatial data supply chains (SDSCs). GeoPROV can be 

deployed by embedding provenance capture within geoprocessing and analytical environments, 

enabling automated and standardised recording of lineage during spatial transformations, reprojections, 

and AI-driven workflows. This supports organisational and regulatory governance, facilitates 

auditability and defect tracing, and strengthens trust in distributed data ecosystems. Semantic reasoning 

and constraint validation further enable dynamic assessment of data quality and fitness-for-purpose, 

allowing decision-makers to query provenance-aware knowledge graphs in near real time. Integration 

with linked data catalogues and emerging standards such as STAC enhances interoperability across 

cloud-native infrastructures, while ontology-driven models improve transparency, explainability, and 

reproducibility in cross-domain workflows. 

This review has limitations. The search was restricted to English-language publications, potentially 

introducing bias, and may not fully capture grey literature or proprietary implementations. Moreover, 



the synthesis primarily reflects conceptual contributions, as large-scale empirical deployments remain 

limited, and the findings represent a snapshot within a rapidly evolving standards landscape. 

Future work should focus on automating provenance capture through semantic execution engines to 

reduce manual effort and enable real-time lineage recording. Achieving feature-level granularity, 

including CRS and transformation parameters, is critical for dynamic SDSC workflows. Scalability 

remains a major challenge, requiring distributed graph storage and optimized SPARQL querying for big 

spatial data. Interoperability must be strengthened by developing a formal GeoPROV profile aligned 

with W3C PROV, ISO standards, and emerging specifications like STAC. Additionally, integrating 

semantic reasoning for quality assessment, embedding provenance in AI-driven and cloud-native 

architectures, and improving visualization tools for non-expert users will enhance usability. Finally, 

aligning provenance frameworks with governance and compliance requirements will ensure 

transparency and trust in spatial data ecosystems. 

6. Conclusion 

Semantic Web technologies offer a strong foundation for modelling provenance in spatial data supply 

chains (SDSCs), yet their operational uptake remains limited. This systematic review of 156 studies, 

drawn from an initial corpus of 734 publications, shows that existing approaches—predominantly based 

on W3C PROV in combination with ISO geospatial metadata standards—tend to capture provenance 

at coarse dataset levels. Consequently, critical SDSC characteristics such as feature-level lineage, 

spatial transformations, intermediate processing steps, and dynamic workflow dependencies are often 

insufficiently represented, constraining interoperability, automated validation, and trust assessment in 

distributed geospatial environments. 

 

To address these limitations, this paper introduced GeoPROV, a lightweight semantic profile that 

extends W3C PROV with explicit spatial semantics while remaining compatible with ISO 19115/19157, 

GeoSPARQL, and emerging catalogue standards such as STAC. GeoPROV provides a minimal, 

standards-aligned layer for representing machine-actionable spatial provenance, supporting 

reproducibility, auditability, and cross-domain reuse without imposing excessive modelling overhead. 

Future research should prioritise automated, workflow-integrated provenance capture, scalable graph-

based storage and querying, and semantic reasoning for quality and fitness-for-purpose assessment. 

Progress will require coordinated engagement between standards bodies, SDSC operators, and the 

Semantic Web community to translate conceptual advances into interoperable, production-ready 

provenance solutions for real-world spatial data ecosystems. 
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