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Highlights

What are the main findings?
• A systematic review of 156 publications identifies fragmented provenance support 

across emerging coastal Earth observation (EO) workflows that combine Low-Earth-
Orbit and very-high-resolution satellites, unmanned aerial vehicles (UAVs), LiDAR, 
hyperspectral/thermal sensors, Internet of Things (IoT) observations, and artificial 
intelligence (AI)-enabled image analysis.

• Existing provenance models provide limited feature-level traceability for EO-derived 
coastal products used in shoreline mapping and forecasting, UAV/LiDAR-based 3D 
reconstruction, topo-bathymetry, coastal erosion and flood monitoring, water-quality 
mapping, habitat classification, and coastal land-use/land-cover analysis.

What are the implications of the main findings?
• GeoPROV provides a lightweight semantic profile that links sensor acquisition, prepro-

cessing, AI/geoprocessing, validation, uncertainty assessment, and STAC/ISO catalogue 
publication through PROV-O, GeoSPARQL, SHACL, and ISO 19115/19157 alignment.

• Provenance-aware coastal EO supply chains can improve reproducibility, uncertainty 
traceability, sensor-to-decision accountability, and administrative defensibility for 
coastal vulnerability assessment, flood disaster response, shoreline management, 
ecosystem monitoring, and land–sea planning.

Abstract

Emerging remote sensing technologies increasingly support coastal observation through 
Earth observation (EO) derivatives such as satellite-derived shorelines, unmanned aerial 
vehicle (UAV)- and light detection and ranging (LiDAR)-based elevation models, coastal 
land-use/land-cover products, bathymetric grids, turbidity and chlorophyll-a indicators, 
habitat maps, flood extents, and artificial intelligence (AI)-generated segmentation out-
puts. These EO-derived products are central to shoreline monitoring, coastal vulnerability 
assessment, flood-response planning, marine ecosystem management, and land–sea ad-
ministration. Yet their evidential value depends on transparent provenance: users must 
know which sensor, acquisition condition, preprocessing chain, algorithm, model version, 
validation dataset, and uncertainty estimate produced each coastal product. The review 
synthesises 156 eligible publications identified through a systematic review process. Of 
these, 89 studies containing sufficient implementation and methodological detail were se-
lected for detailed analytical coding. Following the Preferred Reporting Items for Systematic 
Reviews and Meta-Analyses (PRISMA) protocol, the review analyses application domains, 
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provenance capture modes, representation strategies, semantic web technologies, and inter-
operability practices. A coastal EO thematic refinement translates the review findings into 
provenance requirements for satellite, UAV, LiDAR, Internet of Things (IoT), open-water, 
and AI-enabled coastal observation workflows. The review identifies persistent gaps in 
feature-level lineage, alignment between the World Wide Web Consortium Provenance 
Ontology (PROV-O) and International Organization for Standardization (ISO) geospatial 
metadata standards, spatial semantics, AI workflow transparency, uncertainty traceability, 
and scalable querying. To address these limitations, the paper introduces GeoPROV, a 
lightweight semantic profile of PROV-O designed for spatially explicit, feature-level prove-
nance. GeoPROV aligns PROV-O with ISO 19115/19157, GeoSPARQL, Shapes Constraint 
Language (SHACL), and SpatioTemporal Asset Catalogue (STAC)-compatible catalogue 
practices. The framework enables EO-derived coastal products to be traced from raw obser-
vation through preprocessing, AI/geoprocessing, validation, catalogue publication, and 
coastal-administrative decision-making. The resulting GeoPROV profile integrates PROV-O, 
GeoSPARQL, SHACL, ISO 19115/19157 lineage concepts, and STAC metadata within a 
lightweight semantic framework demonstrated through a coastal EO product workflow and 
machine-actionable provenance implementation.

Keywords: earth observation; coastal remote sensing; EO derivatives; satellite-derived 
shoreline; UAV LiDAR; AI-enabled remote sensing; spatial data supply chains; provenance; 
PROV-O; GeoSPARQL

1. Introduction
Spatial data supply chains (SDSCs) capture the end-to-end flow of geospatial data 

from acquisition to processing, transformation, and dissemination. They operate across 
heterogeneous organisational arrangements and technological platforms [1–3]. Unlike 
conventional physical supply chains, SDSCs involve non-depleting digital assets, complex 
spatial transformations (e.g., reprojection, resampling, generalisation), multi-scale repre-
sentations, and iterative reuse in analytical and decision-support workflows [4–8]. These 
characteristics complicate traceability [9], which is critical for ensuring data quality and 
trust in decision-making processes [10] and is essential for geospatial intelligence [11].

The evolution of spatial data infrastructures [12–14] (SDIs) into service-oriented [15], 
cloud-native, and platform-based ecosystems has further increased provenance complexity. 
Modern SDSCs integrate Earth observation platforms, IoT sensor networks [16], AI-driven 
analytics, and policy-driven governance frameworks, creating intricate webs of data de-
pendencies that traditional metadata-centric lineage models struggle to capture [17–19]. 
Provenance in this context is no longer solely a documentation artefact; it has become essen-
tial for automated quality assessment, reproducibility, accountability, regulatory compliance, 
and trust.

Existing research has explored provenance interoperability between ISO lineage stan-
dards, W3C PROV, workflow provenance systems, and linked-data environments. However, 
there remains limited guidance on how these standards can be integrated into a lightweight 
semantic profile specifically designed for EO-derived coastal products. GeoPROV addresses 
this implementation-level gap by combining provenance, spatial, demonstrated, and EO 
metadata standards [20] within a single application-oriented profile.

This review primarily investigates provenance frameworks within Spatial Data Sup-
ply Chains (SDSCs) across multiple geospatial application domains. Coastal Earth Ob-
servation (EO) is subsequently used as a representative application domain to illustrate 
provenance requirements and demonstrate the practical applicability of the proposed 
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GeoPROV framework. The review investigates provenance across SDSCs broadly, while 
coastal EO serves as an application domain used to derive and demonstrate domain-specific 
provenance requirements.

The study addresses these challenges through a systematic review of semantic web-
based provenance approaches for SDSCs. Beyond synthesising existing work, the review 
identifies recurring limitations and motivates GeoPROV, a lightweight semantic profile 
that extends PROV-O with spatial semantics while maintaining standards alignment and 
practical deployability. The investigation makes three contributions: (i) a comprehensive 
SDSC-focused synthesis of semantic web provenance approaches; (ii) an evidence-based 
analysis of constraints limiting operational provenance adoption; and (iii) the introduc-
tion of GeoPROV as a minimal, interoperable profile designed to lower barriers to spatial 
provenance implementation. Collectively, these contributions provide a practical and the-
oretically grounded pathway for advancing scalable, standards-compliant provenance in 
geospatial systems.

Coastal observation provides a particularly useful lens through which to examine 
provenance in SDSCs because decision-makers rarely act on raw satellite scenes, UAV im-
ages, LiDAR point clouds, or IoT measurements directly. Instead, they rely on EO derivatives: 
shoreline vectors, erosion-rate transects, coastal digital elevation models, bathymetric grids, 
turbidity and chlorophyll-a surfaces, habitat classifications, inundation extents, infrastruc-
ture exposure layers, and administrative risk zones. Each derivative is shaped by sensor 
characteristics, spatial resolution, acquisition timing, tidal stage, atmospheric or water-
column correction, cloud and shadow masking, classification thresholds, AI model versions, 
validation data, and uncertainty estimates [21]. In coastal environments, these dependen-
cies are intensified by the land–sea interface itself: the mapped “shoreline” may represent 
an instantaneous wet/dry boundary, a tidal datum, a vegetation edge, a geomorphic scarp, 
or an administrative boundary. Provenance therefore becomes more than technical meta-
data [22]; it becomes the evidential chain that allows coastal observations to be interpreted, 
compared, audited, and defended in planning, risk management, environmental regulation, 
and land–sea governance. The central research question guiding this review is: how can 
semantic web provenance models support transparent, interoperable, feature-level, and 
uncertainty-aware traceability for EO-derived coastal observation products generated from 
satellite, UAV, LiDAR, IoT, and AI-enabled remote sensing workflows?

This framing directly responds to the growing use of emerging remote sensing technolo-
gies in coastal observation. Recent coastal workflows increasingly combine Low-Earth-Orbit 
and very-high-resolution satellite imagery, UAV photogrammetry, UAV and airborne LiDAR, 
hyperspectral and thermal sensing, IoT-based coastal monitoring, open-source tools such 
as DSAS, QGIS, and Google Earth Engine, and AI-enabled image analysis for shoreline 
extraction, land-cover mapping, coastal-risk assessment, and flood-response applications. 
However, the decision value of these technologies depends not only on spatial resolu-
tion or algorithmic accuracy but also on whether their derived products can be traced, 
demonstrated, queried, and reused across scientific and administrative contexts. GeoPROV 
therefore addresses an under-documented but critical layer of emerging coastal remote 
sensing: machine-actionable provenance for EO-derived coastal products.

While the review focuses on provenance management for coastal EO-derived products, 
the evidence base extends beyond coastal applications to include broader geospatial prove-
nance, spatial data infrastructure, and semantic web studies. These studies are examined 
because many provenance challenges affecting coastal EO-derived products, particularly 
interoperability, lineage traceability, workflow documentation, and uncertainty commu-
nication, are shared across geospatial data ecosystems. Consequently, findings from the 
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broader spatial data supply chain literature are synthesised to inform a coastal EO-specific 
provenance profile.

The novelty of this paper is not the introduction of the GeoPROV ontology itself, which 
has been reported previously, but the derivation of an EO-specific provenance profile from 
a systematic synthesis of provenance requirements across SDSCs and coastal EO workflows.

2. Materials and Methods
2.1. Review Protocol and Method

A systematic literature review was undertaken following the PRISMA guidelines to 
ensure transparency, rigour, and reproducibility. The review focused on peer-reviewed 
journal articles, conference papers, and book chapters addressing provenance modelling in 
geospatial or spatial data supply chain contexts using semantic web technologies. Searches 
were conducted across Scopus, Web of Science, IEEE Xplore, and SpringerLink, covering 
publications from 2001 to 2025. Search terms combined concepts related to provenance, 
lineage, semantic web, RDF, PROV, and geospatial data infrastructures. To strengthen 
the relevance of the synthesis for coastal remote sensing, the included EO-related studies 
were also interpreted through a secondary thematic lens focused on coastal observation. 
This refinement did not alter the PRISMA inclusion count; rather, it classified relevant 
studies according to: (i) EO derivative type, including satellite-derived shorelines, coastal 
DEMs/DSMs [23], bathymetry, water-quality indicators, flood extents, land-use/land-
cover products, and habitat maps; (ii) enabling observation technology, including optical 
and SAR satellites, UAV photogrammetry, UAV and airborne LiDAR, hyperspectral and 
thermal sensing, IoT and in situ sensors, cloud-computing platforms, and AI-enabled 
image analysis; and (iii) decision context, including coastal erosion monitoring, shoreline 
forecasting, emergency response, marine ecosystem assessment, infrastructure exposure, 
cadastral or administrative boundary updating, and coastal-zone planning. This thematic 
refinement enabled the general SDSC provenance findings to be translated into coastal 
observation requirements without representing the review as a separate coastal remote 
sensing meta-analysis.

The core search string was adapted to the syntax of each database and followed the 
general structure:

(“provenance” OR “lineage” OR “traceability” OR “data provenance”)
AND
(“Semantic Web” OR RDF OR OWL OR SPARQL OR “PROV-O” OR “W3C PROV”)
AND
(“geospatial” OR “spatial data” OR “Earth observation” OR “remote sensing” OR 

“spatial data infrastructure” OR “geoprocessing workflow”)
Following the broader SDSC review, a thematic refinement was undertaken to identify 

studies relevant to coastal Earth Observation workflows. This refinement was intended to 
provide an illustrative application context rather than a comprehensive systematic review 
of coastal EO systems.

The literature search covered Scopus, Web of Science Core Collection, IEEE Xplore, 
and SpringerLink. Publication coverage was restricted to studies published between 2001 
and 2025. The search strategy combined three groups of terms representing provenance, 
semantic web technologies, and geospatial applications. Synonyms within each group were 
combined using the Boolean operator OR, and the three groups were linked using AND. 
The final searches were conducted from 24–30 January 2025 (Scopus), from 26 January–10 
February 2025 (Web of Science Core Collection), from 28 January–5 February 2025 (IEEE 
Xplore), and on 25 February 2025 and revisited in 20 August 2025 (SpingerLink). Searches 
were limited to peer-reviewed journal articles published in English. The exact search strings, 
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database editions, applied filters, retrieval counts, and any update searches are provided in 
Supplementary Table S1.

For Scopus, the strategy was formulated for the title, abstract and keyword fields using 
the expression: TITLE-ABS-KEY((“provenance” OR “lineage” OR “traceability” OR “data 
provenance”) AND (“Semantic Web” OR “RDF” OR “OWL” OR “SPARQL” OR “PROV-O” 
OR “W3C PROV”) AND (“geospatial” OR “spatial data” OR “Earth observation” OR 
“remote sensing” OR “spatial data infrastructure” OR “geoprocessing workflow”)) AND 
PUBYEAR > 2000 AND PUBYEAR < 2026.

For the Web of Science Core Collection, the strategy was formulated for the Topic field, 
encompassing titles, abstracts, author keywords and Keywords Plus, using the expression: 
TS = ((“provenance” OR “lineage” OR “traceability” OR “data provenance”) AND (“Se-
mantic Web” OR “RDF” OR “OWL” OR “SPARQL” OR “PROV-O” OR “W3C PROV”) AND 
(“geospatial” OR “spatial data” OR “Earth observation” OR “remote sensing” OR “spatial 
data infrastructure” OR “geoprocessing workflow”)) AND PY = (2001–2025). The indexes 
searched were the Science Citation Index Expanded (SCI-EXPANDED), Social Sciences 
Citation Index (SSCI), and Emerging Sources Citation Index (ESCI).

For IEEE Xplore, the strategy was formulated for Command Search using the 
All Metadata field: (“All Metadata”:“provenance” OR “All Metadata”:“lineage” OR 
“All Metadata”:“traceability” OR “All Metadata”:“data provenance”) AND (“All Meta-
data”:“Semantic Web” OR “All Metadata”:“RDF” OR “All Metadata”:“OWL” OR “All Meta-
data”:“SPARQL” OR “All Metadata”:“PROV-O” OR “All Metadata”:“W3C PROV”) AND 
(“All Metadata”:“geospatial” OR “All Metadata”:“spatial data” OR “All Metadata”:“Earth 
observation” OR “All Metadata”:“remote sensing” OR “All Metadata”:“spatial data in-
frastructure” OR “All Metadata”:“geoprocessing workflow”). The publication-year filter 
(2001–2025) was applied through the IEEE Xplore advanced search interface. For Springer-
Link, the strategy was formulated for the advanced search Keywords field using the ex-
pression: (“provenance” OR “lineage” OR “traceability” OR “data provenance”) AND 
(“Semantic Web” OR “RDF” OR “OWL” OR “SPARQL” OR “PROV-O” OR “W3C PROV”) 
AND (“geospatial” OR “spatial data” OR “Earth observation” OR “remote sensing” OR 
“spatial data infrastructure” OR “geoprocessing workflow”). This field searches titles, ab-
stracts and body text, providing broader textual coverage than the metadata fields used in 
the other databases. The publication date filter (1 January 2001–31 December 2025) was 
applied during database searching. English-language and publication-type restrictions 
were applied during database searching and verified during eligibility screening.

Studies were excluded if they were non-English, lacked explicit provenance represen-
tations, presented purely conceptual discussions without methodological contributions, or 
were duplicate or substantially redundant. From an initial set of 734 records, 156 studies 
met the inclusion criteria (Figure 1).

GeoPROV was derived through a PRISMA-aligned, evidence-driven process, synthe-
sising recurring requirements and identifying gaps in granularity, interoperability, and 
standards alignment, leading to a minimal, standards-compliant semantic profile demon-
strated against representative SDSC use cases.

The review included two analytical stages. First, all eligible studies contributed to 
the qualitative synthesis examining provenance concepts, standards, and implementation 
approaches. Second, a subset of studies containing sufficient methodological and implemen-
tation detail were selected for quantitative coding and thematic analysis. This distinction 
ensured consistent comparison across studies while preserving the broader contextual 
evidence base.

The systematic review yielded 156 eligible publications. A subset of 89 studies were 
selected for detailed coding because these publications provided sufficient information 
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regarding provenance architecture, semantic technologies, workflow implementation, meta-
data models, or interoperability mechanisms.

Figure 1. PRISMA flow diagram illustrating the literature search, screening, eligibility assessment, 
and final selection of studies included in the systematic review. * Records were identified from Scopus, 
Web of Science Core Collection, IEEE Xplore, and SpringerLink, yielding 734 records before duplicate 
removal and other exclusions. ** All 281 records excluded during screening were excluded by human 
reviewers. The 12 automated exclusions occurred before screening and are reported separately.

2.2. Literature Search Strategy
This review followed the PRISMA 2020 reporting guidelines. The review protocol was 

not published, and the review was not registered. Literature research was conducted in 
Scopus, Web of Science Core Collection, IEEE Xplore, and SpringerLink between January 
and March 2025 and revisited from December 2025 to February 2026. Database-specific 
search strings were developed to account for differences in indexing structures and search 
syntax. Searches were independently executed by two reviewers, and all retrieved records 
were imported into EndNote for duplicate removal.

Title and abstract screening was conducted independently by two reviewers. Any dis-
crepancies were resolved through discussion and consensus. Full-text eligibility assessment 
followed predefined inclusion and exclusion criteria. Data extraction was independently 
performed using a structured coding framework that captured study objectives, provenance 
standards, implementation approaches, application domains, validation methods, and 
reported challenges.

To ensure transparency and reproducibility, database-specific search strategies, screening 
protocols, exclusion reasons, and coding procedures are provided in Supplementary Materials. 
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Title/abstract screening and full-text eligibility assessment were independently conducted 
by two reviewers, with disagreements resolved through discussion and consensus.

A qualitative quality assessment was conducted to evaluate the strength and relevance 
of the evidence base as described in Table 1. Studies were appraised against five dimensions: 
(i) methodological transparency [24,25], (ii) provenance implementation maturity [26], 
(iii) validation evidence [27–29], (iv) interoperability [15] contribution, and (v) application 
relevance [15]. Rather than assigning numerical scores, studies were classified as having 
high, moderate, or emerging evidence strength based on the extent of implementation, 
validation, and practical applicability reported. The assessment indicated that the literature 
is relatively mature in provenance conceptualisation and interoperability standards but less 
mature in operational implementation and formal validation [30]. This gap was particularly 
evident for coastal EO applications, where provenance requirements are often discussed con-
ceptually rather than implemented through machine-actionable frameworks [31–33]. The 
quality appraisal informed the identification of research gaps and the design requirements 
of the proposed GeoPROV profile.

Table 1. Coding framework used to classify studies in the systematic review.

Coding Dimension Categories/Examples Purpose

Application domain
Earth observation, coastal observation, 
cadastre, smart cities, hydrology, digital 
twins, environmental monitoring

Identifies the operational context in 
which provenance is applied

Provenance capture mode
Embedded capture, service-oriented 
capture, post hoc reconstruction, 
hybrid capture

Classifies how provenance 
information is generated

Representation strategy
PROV-O, ISO 19115/19157 [34] lineage, 
custom ontology, hybrid model, 
workflow model

Identifies the conceptual or formal 
provenance model used

Semantic web technologies RDF, OWL, SPARQL, GeoSPARQL, 
SHACL, JSON-LD

Identifies the machine-actionable 
technologies used

Granularity
Dataset-level, workflow-level, 
feature-level, attribute-level, 
parameter-level

Assesses the detail at which 
provenance is represented

Standards alignment PROV, ISO 19115/19157, OGC services, 
STAC, DCAT/GeoDCAT-AP

Assesses interoperability and 
standards compliance

Coastal EO thematic refinement
Satellite-derived shoreline, UAV/LiDAR 
DEM, bathymetry, turbidity, habitat map, 
flood extent, coastal-administrative layer

Translates general SDSC provenance 
findings into coastal observation 
requirements

2.3. Coastal EO Thematic Refinement
Because this review targets provenance requirements in remote sensing and coastal 

observation, a secondary thematic refinement was applied to the EO-related subset of 
the included studies. This refinement classified studies and the supporting coastal EO 
literature according to four dimensions: observation technology, EO derivative, coastal 
process, and decision context. Observation technologies included optical and SAR satellites, 
very-high-resolution commercial satellite imagery, UAV photogrammetry, UAV and airborne 
LiDAR, hyperspectral and thermal sensing, IoT and in situ sensors, cloud-native processing 
platforms, and AI-enabled image analysis. EO derivatives included shoreline vectors, 
coastal DEMs/DSMs, bathymetric grids, turbidity and chlorophyll-a products, flood extents, 
land-use/land-cover maps, habitat classifications, and administrative risk zones. Coastal 
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processes included erosion, accretion, flooding, subsidence, sea-water intrusion, open-
water dynamics, wetland change, and shoreline migration. Decision contexts included 
coastal vulnerability assessment, emergency response, infrastructure exposure, ecosystem 
monitoring, development control, and land–sea administration.

This refinement did not replace the PRISMA-based provenance review. Instead, it 
translated the general SDSC provenance evidence into coastal observation requirements, 
enabling GeoPROV to be evaluated as a standards-aligned provenance profile for EO-
derived coastal products. The complete ontology, SHACL shapes, event-contract schema, 
representative tool-specific fixtures, competency queries, evaluation scripts, and benchmark 
outputs are provided in the Supplementary Materials (Tables S1–S4).

3. Results
3.1. SDSCs and Provenance Requirements

SDSCs involve multiple interacting actors such as data producers, processors, custo-
dians, and users; each of whom may introduce transformations, uncertainty, or reinter-
pretation [24]. Unlike linear data pipelines, SDSCs exhibit networked and iterative flows, 
where outputs are repeatedly repurposed, combined, and re-analysed across organisa-
tional and technological boundaries. As a result, provenance in SDSCs [2] must capture 
multi-actor, multi-stage, and multi-granularity lineage rather than coarse, dataset-level his-
tories. Across the reviewed literature, a consistent set of provenance requirements emerges. 
These include support for feature- and attribute-level traceability, explicit representation of 
spatial transformations and associated parameters, alignment with data quality and gov-
ernance frameworks, and machine-actionable querying and reasoning capabilities. These 
requirements, and the extent to which they are addressed across application domains, are 
summarised in Table 2.

Recent work has extended generic provenance frameworks through GeoPROV, a 
domain-specialised provenance model designed specifically for Spatial Data Supply Chains. 
GeoPROV integrates geospatial entities, workflow activities, and provenance relationships 
while supporting interoperability with established standards such as PROV-O, GeoSPARQL, 
and RDF. GeoPROV was previously introduced and evaluated as a provenance-centric 
framework and infrastructure for geospatial data management and interoperability [35,36]. 
While those studies focused on the design, implementation, and validation of the GeoPROV 
framework and ontology, the present paper has a broader scope. This study provides a 
systematic literature review of geospatial data provenance research, synthesising existing 
approaches, technologies, standards, challenges, and research trends across the field. Geo-
PROV is included as one of the analysed provenance frameworks and is evaluated alongside 
other relevant approaches identified in the literature. Consequently, the contribution of this 
paper is not the development of GeoPROV itself, but rather a comprehensive and system-
atic assessment of the geospatial provenance landscape that contextualises and positions 
GeoPROV within the broader state of the art.

The quality appraisal indicated that most studies demonstrated moderate to high 
methodological transparency and strong interoperability contributions. However, compara-
tively fewer studies reported operational implementations, machine-actionable provenance 
artefacts, or formal validation procedures. This finding highlights a persistent gap between 
conceptual provenance frameworks and deployable provenance solutions within geospatial 
and EO workflows.
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Table 2. Core semantic technologies, standards, and provenance capabilities identified in reviewed 
SDSC studies.

Technology/Standard Primary Purpose Provenance Function Spatial 
Capability

Typical SDSC 
Applications

Representative 
References

PROV-O W3C provenance 
ontology

Represents entities, 
activities, and agents 
involved in data creation 
and transformation

Limited (requires 
extensions)

Workflow lineage, 
audit trails, 
reproducibility

[2,3,35–38]

RDF Resource Description 
Framework

Structured representation 
of provenance 
relationships as triples

Indirect Knowledge graphs, 
metadata integration [21,39,40]

OWL Web Ontology 
Language

Formal ontology 
definition and reasoning Indirect Semantic modelling, 

interoperability [15,35,41–44]

SPARQL RDF query language
Querying provenance 
graphs and metadata 
repositories

Limited Provenance search, 
lineage tracing [45,46]

GeoSPARQL Geospatial semantic 
standard

Enables spatial 
relationships and 
geospatial querying

High
Spatial provenance, 
location-aware 
lineage

[15,42,47]

SKOS Knowledge 
Organisation System

Controlled vocabularies 
and semantic 
classification

Limited Metadata 
harmonisation [28,42]

DCAT Data Catalogue 
Vocabulary

Dataset discovery and 
cataloguing Limited Data portals and 

interoperability [48,49]

Dublin Core Metadata standard Resource description and 
metadata management Limited Dataset 

documentation [25,50]

ISO 19115 Geographic metadata 
standard

Dataset lineage and 
quality documentation High Geospatial metadata 

management [38,51]

ISO 19157 Geographic data 
quality standard

Quality reporting and 
lineage documentation High Data quality 

assessment [52]

OGC Standards Spatial interoperability 
framework

Supports exchange and 
discovery of geospatial 
resources

High SDIs and EO 
platforms [49,53]

STAC SpatioTemporal Asset 
Catalogue

EO asset discovery and 
metadata interoperability High Earth Observation 

supply chains [43]

SensorML Sensor description 
framework

Documents sensor 
provenance and 
acquisition parameters

High EO, UAV and IoT 
workflows [39]

SOSA/SSN Semantic sensor 
ontology

Models sensors, 
observations and 
sampling activities

High
Environmental 
monitoring and EO 
workflows

[54,55]

Knowledge Graphs Semantic integration 
framework

Links provenance, 
metadata and domain 
knowledge

High Multi-source SDSC 
integration [36,56,57]

Linked Data Data publication 
framework

Persistent linkage 
between datasets and 
provenance records

Moderate
Interoperable 
geospatial 
ecosystems

[58,59]

3.2. Application Domains
Concepts from traditional supply chain management (SCM) provide a useful starting 

point for reasoning about spatial data flows but require substantial adaptation to reflect the 
distinctive properties of geospatial information [60]. Unlike physical goods, spatial data are 
non-depleting resources whose provenance documents data origin, ownership, processing 
history, analytical transformations, and usage contexts. Although provenance concepts are 
also applied in domains such as palaeontology, food supply chains, and forensic science, 
the focus of this study is semantic and computational provenance for digital geospatial 
information systems.
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Within this context, SDSCs exhibit requirements that extend beyond conventional 
metadata-centric lineage models. Geospatial processing routinely introduces explicit spa-
tial transformations (e.g., reprojection, resampling, generalisation), temporal evolution 
through versioning, updates, and aggregation, and semantic enrichment operations such as 
classification, feature extraction, and spatial reasoning [34,61–64]. Each of these operations 
directly affects recognised data quality dimensions such as positional accuracy, thematic 
accuracy, completeness, logical consistency, and lineage, thus requiring provenance to be 
captured at the point where quality is created, assessed, or modified.

Across application domains such as environmental monitoring, transport planning, 
mining, smart cities, and emergency management, SDSCs involve multiple actors—data 
collectors, processors, analysts, custodians, publishers, and end-users—each introducing 
value, uncertainty, or risk. Governance in these settings is inherently distributed, with 
differing roles, responsibilities, and authority, creating complex trust relationships that 
must be made explicit and verifiable [34,38]. As synthesised in Table 3, effective operational 
governance depends on the ability to associate quality diagnostics (e.g., accuracy metrics, 
validation results, completeness indicators) with the specific processing steps, agents, and 
reference data that produced them, and to store these elements in appropriate standards-
compliant locations.

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

Quality Element Typical 
Metrics/Diagnostics Capture Point Store in…

Positional accuracy [65] RMSE vs. reference, offset 
stats, checkpoints Transform/QA step

ISO 19157 quality section; PROV 
note on reference used; 
QA tables

Attribute (thematic) 
accuracy [66]

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

However, the literature summarised in Table 3 indicates that while semantic provenance 
approaches increasingly capture high-level lineage, they often fail to integrate feature-level 
provenance with data quality elements across the full SDSC lifecycle. This gap highlights 
a fundamental misalignment between how geospatial data are processed in practice and 
how provenance is represented. Addressing this misalignment requires a lightweight, 
interoperable provenance profile that explicitly links spatial processing activities, quality 
assessments, and standards-based metadata—motivating the design of GeoPROV as an 
enabling layer between operational SDSCs and existing ISO- and PROV-based frameworks.

3.3. Provenance Concepts and Standards
Provenance in spatial data encompasses both retrospective provenance, documenting 

what has occurred, and prospective provenance [67], describing intended processes across 
the data lifecycle [9,68] (documenting what should happen) across the entire data lifecycle. 
It has evolved from basic audit trails into semantic representations that support machine-
actionable reasoning about data quality, trustworthiness, and fitness for purpose, elevating 
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data from passive inputs to strategic assets [69–71]. In domains such as autonomous 
vehicles, underground utilities, and geofencing, high-stakes decisions increasingly depend 
on traceable, machine-readable spatial context [72,73]. Central to this capability is data 
lineage, which records data origins, transformations, and dissemination pathways [6,74].

Versioning is essential for reproducibility and auditability, as sequential dataset histo-
ries enable reliable re-analysis [75]. Large-scale operational systems such as Digital Earth 
Australia [76] highlight the need for feature-level versioning [77] with persistent identi-
fiers [78] to manage algorithmic updates and complex data interdependencies. Experience 
from DEA [79] further emphasises the importance of explicitly capturing ingest and pro-
cessing properties—including coordinate reference systems, resolution, tiling, compression, 
and metadata conventions—to stabilise downstream analyses and ensure robust provenance 
chains [80].

The W3C PROV standard dominates provenance representation, providing a flex-
ible entity–activity–agent model adopted across numerous geospatial and scientific 
domains [8,38,81,82]. However, PROV lacks native geospatial semantics, necessitating 
integration with spatial standards and domain vocabularies. As data volumes and process-
ing complexity increase, semantic web-based provenance modelling has become essential 
for SDSCs, from early sensor web experiments to ontology-driven interoperability frame-
works [83–86]. Despite this progress, challenges persist in granular capture, dynamic 
workflows, and semantic integration [3].

A coherent framework linking SDSCs, provenance metadata, and semantic web 
technologies—emphasising ontology-driven representation and querying—is therefore 
critical [87–89]. Provenance plays a foundational role in transparent, interoperable work-
flows and contextual quality assessment [90]. ISO 19157-1:2023 defines core data quality 
elements such as positional accuracy, thematic accuracy, logical consistency, completeness, 
and lineage, each of which requires systematic capture at specific processing stages. Table 3 
summarises practical metrics, capture points, and storage strategies, illustrating how ISO 
quality elements can be complemented with PROV-O entities and activities. While prior 
studies demonstrate semantic integration of PROV-O with ISO lineage [38,91,92], workflow-
centric graph models [38,93–95], and scalable big data lineage solutions [51,96–98], gaps 
remain in proactive capture, intermediate result validation, and domain-specific profiling—
motivating the need for standardised, spatially explicit 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. Early studies focused on developing semantic provenance models [87,93], 
architectures, and standards for integration to support traceability and data quality assess-
ment [13,47], Later work shifted towards geospatial workflows, feature-level granularity, 
and interoperability challenges, leveraging ontologies, linked data, and semantic execution 
engines [99]. Recent developments incorporate big data integration, automated reasoning, 
and practical implementations across specific domains, underscoring the role of provenance 
in trust [100], interoperability [82], and data governance [25,98].

The reviewed literature consistently highlights the importance of semantic web tech-
nologies for enhancing provenance modelling in spatial data supply chains, particularly 
through extensions to standards such as W3C PROV [32,81,82,90,101–103] and ISO geospa-
tial metadata [34,62,104,105]. 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 in-
tegration with automated geospatial workflows and the sophistication of querying and 
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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
The semantic web technology stack provides the foundational technologies for 

representing, storing, and querying provenance information in machine-readable for-
mats [81,106–109]. RDF serves as the basic data model for expressing provenance relation-
ships, while OWL enables the definition of domain-specific vocabularies and reasoning 
rules [96,110–112]. SPARQL Protocol and RDF Query Language (SPARQL) provides the 
standard query interface for semantic provenance repositories [62,104].

The application of semantic web technologies to spatial data provenance presents 
both opportunities and challenges [113]. 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 
optimisation 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.

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 serialisation

Note: Percentages are calculated against the analytically coded implementation subset (n = 89) 
because not all 156 included publications reported sufficient technical detail for this coding category. 
Categories are non-exclusive where studies used multiple technologies, standards, or capabilities.

RDF, OWL, and SPARQL form the dominant technology stack for provenance repre-
sentation and querying. GeoSPARQL supports spatial predicates, while SHACL enables 
constraint validation. Despite demonstrated benefits, adoption of reasoning and validation 
technologies remains limited due to performance and complexity concerns.

3.6. Existing Spatial Provenance Models
Spatial provenance modelling is anchored in three key standards: W3C PROV, ISO lin-

eage 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:was-
DerivedFrom [38,114,115]. PROV-O, the OWL/RDF ontology, forms the backbone for 
semantic provenance and is extended by GeoPROV to incorporate geospatial entities, oper-
ations, and parameters for SDSCs. ISO 19115 and ISO 19157 complement PROV by defining 
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metadata and data quality standards. ISO 19115 specifies lineage elements (LI_Lineage, 
LI_ProcessStep, LI_Source) for catalogue-level documentation, while ISO 19157 formalises 
quality measures such as completeness, positional accuracy, and logical consistency. 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 [116], allowing queries that combine provenance 
paths with spatial predicates. Integrating these standards addresses heterogeneity in 
schemas and CRSs but remains challenged by tooling maturity and feature-level granularity 
at scale [34,38,91,92,117]. Table 5 illustrates the distribution of provenance models and 
frameworks adopted in spatial data supply chain research. 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
Note: Percentages are calculated against the analytically coded implementation subset (n = 89) 
because not all 156 included publications reported sufficient technical detail for this coding category. 
Categories are non-exclusive where studies used multiple technologies, standards, or capabilities.

3.7. Provenance Requirements in Coastal Remote Sensing Workflows
Coastal remote sensing workflows are provenance-intensive [5–7,16,24,38,84,90,118–126] 

because they transform heterogeneous observations into EO-derived products that sup-
port scientific interpretation, risk assessment, and administrative decision-making [2,3]. 
Unlike static geospatial datasets, coastal EO products are shaped by rapidly changing 
environmental conditions, including tide, wave run-up, storm surge, turbidity, sediment 
transport, vegetation seasonality, and anthropogenic modification. A shoreline, flood extent, 
bathymetric surface, habitat polygon, or coastal-risk boundary is therefore not merely a 
mapped object; it is the outcome of a sensor-to-decision chain involving acquisition, prepro-
cessing, model selection, parameterisation, validation, uncertainty assessment, catalogue 
publication, and downstream reuse [21,39,42,127].

For this reason, provenance in coastal remote sensing must capture more than dataset-
level lineage. It must document the source sensor and platform, acquisition time, spatial and 
spectral resolution, preprocessing method, algorithm or AI model, training and validation 
data, environmental context, quality metrics, spatial reference system, processing software, 
responsible agent, and version history [128–131]. The following subsections translate these 
requirements into five major coastal remote sensing workflow categories.
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3.7.1. Satellite-Derived Shorelines and Coastal Landform Monitoring
Satellite-derived shoreline and coastline products are among the most widely used 

EO derivatives in coastal observation [132]. They are commonly generated from medium-
resolution satellite archives such as Landsat and Sentinel-2, as well as from very-high-
resolution commercial imagery such as PlanetScope, WorldView, and GeoEye. These 
products support shoreline-change detection, erosion and accretion monitoring, coastal 
landform mapping, beach-state analysis, dune and cliff retreat assessment, and long-term 
coastal vulnerability studies [133]. However, the derived shoreline is not a neutral rep-
resentation of the coast. It depends on the selected shoreline proxy, the image date and 
tidal stage, atmospheric correction, cloud and shadow masking, water-index formulation, 
thresholding method, spatial resolution, and validation source [21,39,42,127].

Provenance capture is therefore essential for interpreting satellite-derived shorelines 
across time and across administrative contexts. A shoreline extracted using NDWI, MNDWI, 
AI segmentation, or manual digitisation may represent different physical boundaries: an 
instantaneous wet/dry line, a vegetation edge, a tidal datum, a geomorphic scarp, or an 
administratively defined coastline [8,96,134–136]. GeoPROV should record the source scene 
identifier, acquisition timestamp, tide or water-level reference, shoreline proxy definition, 
preprocessing chain, extraction algorithm, threshold values, transect baseline, coordinate 
reference system, validation dataset, positional uncertainty, and output feature version. 
This enables users to query not only where a shoreline segment is located but also how it 
was produced, which environmental conditions influenced it, and whether it is comparable 
with earlier or later shoreline products.

For coastal landform monitoring, the same provenance logic applies to beaches, beach 
berms, beach scarps, sand spits, tidal flats, lagoons, estuaries, rocky cliffs, salt flats, dunes, 
marshes, and coastal artificial structures such as groynes, seawalls, dikes, jetties, and 
piers [128]. These features are often mapped from multi-temporal satellite imagery and 
then reused in geomorphological interpretation, coastal-risk mapping, and planning as-
sessments. Provenance-aware shoreline and landform products therefore improve re-
producibility, change-detection reliability, and the administrative defensibility of coastal 
monitoring outputs.

3.7.2. UAV Photogrammetry, LiDAR, and High-Resolution 3D Coastal Reconstruction
UAV photogrammetry and LiDAR have become central technologies for high-resolution 

coastal observation because they can generate centimetre-scale orthomosaics, dense point 
clouds, digital surface models, digital elevation models, beach-volume estimates, dune 
morphology models, cliff retreat surfaces, and post-storm damage assessments [137,138]. 
These products are especially valuable where satellite imagery lacks sufficient spatial res-
olution or where rapid event-based monitoring is required after erosion, flooding, storm 
surge, or infrastructure damage. UAV-based Structure-from-Motion and Multi-View Stereo 
workflows, however, introduce many processing decisions that directly affect positional 
accuracy, vertical accuracy, and feature interpretation.

A provenance-aware UAV workflow should capture flight plan, platform type, sen-
sor model, camera calibration, flight altitude, image overlap, acquisition date and time, 
weather condition, ground-control-point distribution, RTK/PPK configuration, GNSS/IMU 
metadata, photogrammetric software, point-cloud generation settings, filtering method, in-
terpolation method, coordinate reference system, vertical datum, and accuracy metrics such 
as RMSE [5,8,134]. For LiDAR workflows, additional provenance elements include scan 
angle, pulse density, return classification, boresight calibration, point-cloud classification, 
ground/non-ground filtering, water-surface correction, and vertical uncertainty. These ele-
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ments determine whether a DEM or DSM is suitable for beach-volume analysis, cliff retreat 
monitoring, coastal engineering, flood modelling, or infrastructure exposure assessment.

Green LiDAR and topo-bathymetric LiDAR add a further provenance challenge because 
they connect terrestrial, intertidal, and shallow-water environments. In such workflows, 
depth penetration, water clarity, bottom reflectance, refraction correction, water-level refer-
ence, and bathymetric validation must be recorded alongside standard LiDAR metadata. 
GeoPROV can represent UAV and LiDAR products as spatially typed prov:Entity instances 
linked to acquisition activities, processing activities, responsible agents, quality assessments, 
and administrative uses. This allows coastal 3D products to remain traceable from raw 
imagery or point clouds through to derived terrain models and decision-support layers.

3.7.3. AI-Enabled Coastal Observation and Foundation-Model Provenance
AI-enabled coastal observation is increasingly used for shoreline extraction, land–water 

segmentation, coastal land-use/land-cover mapping, mangrove and wetland classification, 
flood-boundary detection, cloud removal, super-resolution, habitat mapping, and change 
detection. Deep learning models and emerging foundation models can improve automation 
and transferability across coastal environments, but they also create new provenance risks. 
Unlike conventional rule-based workflows, AI outputs are shaped by training data selection, 
annotation rules, class definitions, model architecture, model weights, hyperparameters, 
fine-tuning strategy, prompt configuration, postprocessing rules, software libraries, and 
computational environment [139,140].

For this reason, AI-generated coastal EO products require model-level and feature-level 
provenance. A shoreline extracted by a convolutional neural network, transformer model, or 
foundation model should be linked to the input image, training dataset, validation dataset, 
annotation protocol, model version, inference date, confidence score, thresholding rule, 
postprocessing operation, and uncertainty estimate. Without these details, users cannot 
determine whether an AI-derived shoreline, flood extent, habitat polygon, or land-cover 
class is transferable across regions, seasons, sensors, or tidal conditions.

GeoPROV can support AI workflow transparency by representing the AI model as 
a prov:Agent or software-associated prov:Entity, the inference process as a prov:Activity, 
and the AI-derived feature as a generated prov:Entity. This allows coastal managers and 
researchers to query which model generated a feature, which data were used for training 
and validation, what classification schema was applied, and how uncertainty was assessed. 
Such provenance is particularly important when AI-derived products inform coastal engi-
neering, emergency response, erosion setbacks, habitat restoration, compliance monitoring, 
or administrative boundary interpretation [141].

3.7.4. Open-Water Dynamics, Satellite-Derived Bathymetry, and Water-Quality Products
Open-water and nearshore dynamics are central to coastal observation because many 

coastal products are influenced by water-column conditions, optical complexity, and hy-
drodynamic variability. EO-derived open-water products [21,28] include turbidity, to-
tal suspended matter, chlorophyll-a, coloured dissolved organic matter, sea-surface tem-
perature, algal-bloom indicators, plume extent, water clarity, shallow-water bathymetry, 
and nearshore morphology [142–144]. These products may be generated from ocean-
colour sensors, Sentinel-2 MSI, Sentinel-3 OLCI, Landsat, MODIS, thermal sensors, air-
borne or UAV hyperspectral data, in situ observations, and satellite-derived bathymetry 
algorithms [145–147].

The provenance requirements for these products differ from terrestrial mapping work-
flows. Open-water products require explicit documentation of atmospheric correction, 
sun-glint correction, BRDF treatment, water-column correction, turbidity condition, opti-
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cally deep-water masking, bottom type, depth-control points, in situ matchup data, sensor 
calibration, vicarious calibration, algorithm version, temporal compositing, and uncer-
tainty estimates [126]. These elements are crucial because coastal waters are optically 
complex: suspended sediment, chlorophyll, coloured dissolved organic matter, bottom 
reflectance, depth, tide, waves, and currents can all change the apparent signal recorded by 
the sensor [69,70,86].

Open-water provenance is also important for shoreline and coastal-risk interpretation. 
The apparent land–water boundary can shift because of tide, wave run-up, storm surge, 
sediment plumes, water turbidity, or seasonal hydrodynamics. A provenance model for 
coastal EO derivatives [16,39,130,131,134] must therefore link marine, intertidal, and terres-
trial processing chains rather than treating them as isolated products. GeoPROV supports 
this requirement by connecting water-level observations, in situ validation, satellite acquisi-
tion metadata, processing parameters, uncertainty surfaces, and derived coastal features 
within a single machine-actionable provenance graph [148]. This improves the reliability 
of bathymetry, water-quality [21], habitat, flood, and shoreline products used in coastal 
science and management.

3.7.5. Coastal-Risk, Flood-Response, and Administrative Decision Products
Coastal remote sensing increasingly supports decision products rather than only scien-

tific maps. EO-derived outputs are used for coastal hazard zoning, erosion-risk mapping, 
flood and storm-surge response, infrastructure exposure assessment, setback planning, 
insurance modelling, emergency management, ecosystem restoration, blue-carbon account-
ing, and land–sea administration. These products are often generated by integrating satellite 
imagery, SAR, UAV surveys, LiDAR DEMs, hydrodynamic models, tide gauges, IoT sensors, 
cadastral layers, infrastructure datasets, and planning boundaries. Their reliability depends 
on whether the full evidential chain can be traced from observation to decision.

Flood-response products illustrate the issue clearly. A mapped inundation extent 
may depend on SAR or optical imagery, event timestamp, tide level, rainfall or river dis-
charge, DEM source and resolution, vertical datum, hydrodynamic model parameters, 
flood-detection algorithm, thresholding rule, validation observations, and uncertainty sur-
face. Similarly, coastal-risk zones and erosion setbacks may depend on shoreline time-series, 
beach-profile change, projected sea-level rise, storm-surge assumptions, infrastructure lay-
ers, land tenure boundaries, and planning regulations. If these inputs and transformations 
are not documented, the final decision layer becomes difficult to audit, reproduce, or defend.

GeoPROV links scientific provenance with administrative accountability by represent-
ing downstream [35] uses as prov:Activity instances. For example, a shoreline vector may be 
generated from satellite imagery, demonstrated with UAV or GNSS data, published through 
a STAC/ISO catalogue, and then reused in DSAS-based erosion-rate analysis, setback plan-
ning, or cadastral boundary interpretation. GeoPROV can record each stage, including 
the responsible agent, input product, processing method, validation evidence, uncertainty 
measure, and administrative output. In this sense, provenance becomes a governance mech-
anism: it allows coastal decision-makers to understand not only what a coastal product 
shows but also how it was generated, whether it is fit for purpose, and how confidently it 
can be used in planning, regulation, or emergency response.

Taken together, these five workflow categories show why coastal remote sensing re-
quires a provenance model that is spatially explicit, standards-aligned, feature-level, and 
operationally deployable. The key challenge is not simply to preserve a record of raw data 
sources but to maintain a machine-actionable chain linking sensor acquisition, preprocess-
ing, AI or geoprocessing activity, derived coastal feature, validation evidence, uncertainty 
estimate, catalogue record, and downstream administrative use. This requirement directly 

https://doi.org/10.3390/rs18213737

https://doi.org/10.3390/rs18213737


Remote Sens. 2026, 18, 3737 17 of 35

motivates GeoPROV as a lightweight semantic profile for provenance-aware coastal EO 
data supply chains.

3.8. EO-Derived Coastal Products, Enabling Technologies, and Administrative Impact
EO derivatives are the operational currency of coastal observation. They translate 

sensor measurements into spatial products that can be queried, compared, demonstrated, 
and used in decision-making. In provenance terms, an EO derivative should be treated as 
a generated prov:Entity whose meaning depends on the chain of prov:Activity instances 
that created it. This is particularly important in coastal environments, where the same raw 
observation may generate multiple products with different scientific and administrative 
meanings: an instantaneous waterline, a tidal-datum shoreline, a wetland boundary, a flood 
extent, a turbidity plume, or a coastal-risk zone.

Table 6 summarises key coastal EO derivative classes, their enabling observation 
technologies, provenance-critical elements, and coastal-administrative uses. The table 
illustrates why a generic dataset-level lineage record is insufficient for next-generation 
coastal observation. A derived shoreline, for instance, must be linked not only to the 
source image but also to the shoreline proxy, tide level, water-index threshold, cloud mask, 
validation transects, uncertainty estimate, and versioned output geometry. Similarly, UAV 
and LiDAR elevation products must retain links to ground control, sensor calibration, point-
cloud filtering, vertical datum, interpolation, and accuracy assessment. These elements 
determine whether the derivative is suitable for coastal engineering, risk zoning, habitat 
assessment, cadastral update, or emergency response.

Table 6. EO-derived coastal products, enabling remote sensing technologies, provenance-critical 
elements, and coastal-administrative uses.

EO-Derived Coastal 
Product Enabling Technologies Provenance-Critical 

Elements
Coastal-Administrative 

Impact

Satellite-derived shoreline 
or coastline vectors

Landsat; Sentinel-2; 
PlanetScope; WorldView; 
GeoEye; CoastSat; DSAS; 
AI segmentation

Scene ID; acquisition date; 
tide stage; waterline proxy; 
NDWI/MNDWI or AI 
model; threshold; 
cloud/shadow mask; CRS; 
transect baseline; 
validation data; positional 
uncertainty

Shoreline monitoring; 
erosion-rate reporting; 
setback planning; 
coastal-risk zoning; 
land–sea boundary 
interpretation

UAV photogrammetry and 
LiDAR-derived DEM/DSM 
products

UAV RGB/multispec-
tral/thermal imaging; 
Structure-from-Motion; 
UAV LiDAR; airborne 
LiDAR

Flight plan; altitude; 
overlap; camera calibration; 
GNSS/IMU data; ground 
control points; point-cloud 
density; filtering; 
interpolation; vertical 
datum; RMSE

Beach and dune volume 
estimation; cliff retreat 
monitoring; infrastructure 
exposure; engineering 
design; post-storm damage 
assessment

Satellite-derived 
bathymetry and nearshore 
morphology

Sentinel-2; Landsat; 
ICESat-2; 
airborne/topo-bathymetric 
LiDAR; machine-learning 
bathymetry models

Atmospheric correction; 
water-column correction; 
turbidity condition; 
optically deep-water mask; 
bottom type; depth-control 
points; model version; 
depth uncertainty

Navigation support; 
dredging assessment; 
coastal flood modelling; 
habitat mapping; 
nearshore 
sediment-dynamics 
analysis
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Table 6. Cont.

EO-Derived Coastal 
Product Enabling Technologies Provenance-Critical 

Elements
Coastal-Administrative 

Impact

Water-quality and 
open-water dynamics 
products

MODIS; Sentinel-3 OLCI; 
Sentinel-2 MSI; Landsat; 
thermal sensors; in situ 
sensors; ocean-colour 
algorithms

Atmospheric correction; 
algorithm selection; in situ 
matchups; 
turbidity/chlorophyll/SST 
retrieval method; temporal 
compositing; uncertainty 
estimates

Pollution monitoring; 
algal-bloom response; 
fisheries and marine-park 
management; water-quality 
compliance; ecosystem 
health assessment

Mangrove, wetland, 
tidal-flat, seagrass, and 
habitat maps

Sentinel-1 SAR; Sentinel-2; 
Landsat; hyperspectral 
sensors; UAV imagery; AI 
classification

Training data; class 
definitions; seasonality; 
tidal condition; 
segmentation/classification 
model; accuracy 
assessment; confusion 
matrix; validation samples

Conservation planning; 
blue-carbon accounting; 
restoration monitoring; 
habitat protection; 
environmental impact 
assessment

Coastal flood, storm-surge, 
and inundation extents

SAR; optical satellites; 
DEMs; hydrodynamic 
models; tide gauges; IoT 
sensors; UAV surveys

Event timestamp; 
water-level source; DEM 
source/resolution; 
flood-detection algorithm; 
model parameters; 
validation observations; 
uncertainty surface

Emergency response; 
disaster mitigation; 
insurance and exposure 
modelling; evacuation 
planning; infrastructure 
resilience

Coastal 
land-use/land-cover and 
artificial-structure layers

VHR satellite imagery; 
UAV imagery; object-based 
image analysis; AI 
classification; cadastral and 
infrastructure datasets

Classification schema; 
training samples; 
object-extraction method; 
date of imagery; spatial 
resolution; administrative 
boundary version; 
accuracy metrics

Coastal development 
control; asset registry 
maintenance; seawall and 
groyne monitoring; 
compliance assessment; 
planning approvals

3.9. Provenance Integration, Querying, and Interoperability
This section synthesises how semantic web-based provenance is integrated, queried, 

and standardised within Spatial Data Supply Chains (SDSCs). It examines dominant 
workflow-integration patterns, querying and reasoning capabilities, and interoperability 
practices across geospatial domains. The review highlights persistent trade-offs between 
deployment practicality, granularity, and standards compliance that constrain operational 
SDSC provenance.

3.10. Integration with Geospatial Workflows
Provenance capture in SDSCs follows three dominant integration patterns (Table 7): 

embedded capture, service-oriented collection, and post hoc reconstruction, with a smaller 
set of hybrid approaches combining these strategies.
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Table 7. Integration of 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

Note: Percentages are calculated against the analytically coded implementation subset (n = 89) 
because not all 156 included publications reported sufficient technical detail for this coding category. 
Categories are non-exclusive where studies used multiple technologies, standards, or capabilities.

Embedded capture, adopted by 32 studies, integrates provenance recording directly 
within geoprocessing [5,8] tools and workflows. This approach offers high completeness 
and near real-time capture but typically requires modification of existing tools or execution 
environments. Service-oriented approaches (28 studies) rely on workflow orchestrators 
or middleware to collect provenance through standardised interfaces, enabling scalability 
across heterogeneous systems but often omitting fine-grained operational details. Post hoc 
reconstruction (21 studies) derives provenance retrospectively from logs and metadata, 
minimising system intrusion but frequently producing incomplete or error-prone lineage. 
Hybrid approaches (eight studies) attempt to balance these trade-offs, achieving broader 
coverage at the cost of increased architectural complexity.

Overall, no single integration pattern fully satisfies SDSC requirements. Embedded 
approaches favour completeness, service-oriented models prioritise scalability, and post 
hoc techniques maximise deployability. This fragmentation underscores the need for 
adaptive provenance frameworks capable of combining capture modes within a unified 
semantic model.

3.11. Querying and Reasoning Production
Querying support across reviewed studies is uneven (Table 8). Basic lineage traversal, 

tracing data origins and dependencies, is almost ubiquitous, supported by 94% of imple-
mentations. In contrast, advanced capabilities are substantially less common: temporal 
provenance queries appear in 42% of studies, spatially constrained provenance queries in 
34%, and automated reasoning or inference in only 38%.

Table 8. 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

Note: Percentages are calculated against the analytically coded implementation subset (n = 89) 
because not all 156 included publications reported sufficient technical detail for this coding category. 
Categories are non-exclusive where studies used multiple technologies, standards, or capabilities.

Approximately one-third of studies expose provenance through SPARQL endpoints 
or linked-data catalogues, enabling flexible querying of lineage metadata. More advanced 
systems incorporate rule-based reasoning for trust and quality assessment, formal consis-
tency checking, and explanation generation, often supported by interactive dashboards. 

https://doi.org/10.3390/rs18213737

https://doi.org/10.3390/rs18213737


Remote Sens. 2026, 18, 3737 20 of 35

However, large graph sizes, complex spatial predicates, and reasoning overheads remain 
significant barriers to scalable querying in production SDSCs.

3.12. Interoperability and Standards Compliance
Interoperability through standards alignment is a prerequisite for SDSC deployment 

and is addressed in approximately 78% of reviewed studies (Table 9). Most implementations 
combine W3C PROV with established geospatial standards, including ISO 19115/19115-2 
lineage, OGC web services, and EPCIS-style supply chain specifications [3,92].

Table 9. Standards compliance and interoperability.

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
Note: Counts are non-exclusive because a single study may align with multiple standards 
or specifications.

ISO 19100-series standards show the highest adoption, reflecting their role in catalogue-
level metadata and regulatory compliance, while DCAT and GeoDCAT-AP are increasingly 
used to support cross-catalogue interoperability. Integration with STAC appears in a smaller 
but growing subset of recent studies, signalling the rise in cloud-native geospatial infras-
tructures. Despite these advances, semantic alignment between PROV-based models and 
ISO lineage remains inconsistently formalised, often relying on custom mappings that 
inhibit reuse.

The review consistently identifies a tension between semantic expressiveness and strict 
standards compliance. Rich provenance models enable granular reasoning and traceability 
but frequently diverge from established specifications, requiring bespoke extensions. Con-
versely, strict adherence to standards often limits the ability to represent dynamic workflows, 
feature-level lineage, and intermediate processing states.

4. Evidence-Based Gaps and Limitations
The reviewed literature demonstrates substantial progress in applying semantic web 

technologies to provenance in SDSCs, with widespread adoption of W3C PROV and ISO 
lineage standards complemented by ontology-driven integration and linked-data principles. 
Reported strengths include structured provenance modelling, interoperability across het-
erogeneous systems, and advanced querying capabilities that enhance transparency, trust, 
and reproducibility. Nevertheless, the synthesis reveals persistent and systematic gaps that 
limit the operational effectiveness of provenance in real-world SDSCs.

4.1. Recurring Evidence-Based Gaps
First, provenance granularity remains insufficient. Despite formal support for feature- 

and attribute-level provenance in PROV-based extensions, most implementations continue 
to operate at the dataset or workflow level. Fine-grained provenance is inconsistently 
modelled, computationally expensive to query at scale, and fragmented across domains, 
hindering reuse and cross-system integration [3,51,92].

Second, integration with heterogeneous geospatial workflows remains incomplete. Em-
bedded capture mechanisms demonstrate high completeness but require intrusive tool mod-
ifications, while service-oriented and post hoc approaches prioritise scalability and deploya-
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bility at the expense of detail. The absence of unified capture strategies results in provenance 
gaps across distributed service-oriented architectures and cloud-native pipelines [4,7,8].

Third, querying, reasoning, and usability constraints persist. While SPARQL and 
OWL enable lineage traversal, inference, and quality assessment, large provenance graphs 
introduce latency and storage bottlenecks. Moreover, explanation interfaces, visual analytics, 
and formal verification mechanisms remain underdeveloped, particularly for non-expert 
users and decision-makers [29,149,150].

Fourth, interoperability and standardisation remain fragmented. Although mappings 
between PROV, ISO 19115/19157, and OGC specifications exist, they are often informal or 
locally defined. Vendor-specific extensions and inconsistent identifier practices limit cross-
domain exchange, and no widely accepted spatial provenance profile has yet emerged [3,92].

Finally, automation and scalability pose major challenges. Semantic execution engines 
and agent-based capture techniques reduce manual effort, but their adoption is constrained 
by high integration costs, domain-specific customisation, and performance limitations in 
streaming and big data scenarios. Reasoning and storage bottlenecks restrict practical 
deployment at graph scales of 107 –109  triples.

4.2. Implications for GeoPROV
In the context of coastal observation, GeoPROV enables transparent lineage tracking 

across multi-source Earth observation workflows [129–131,151], supporting reproducibility 
and decision-making in applications such as shoreline monitoring, coastal hazard assess-
ment, and marine ecosystem analysis. Furthermore, the framework supports provenance-
aware remote sensing workflows [5,37], particularly in coastal observation contexts such as 
shoreline monitoring and environmental assessment [152].

These evidence-based gaps motivate the need for lightweight, standards-aligned se-
mantic profiles rather than increasingly complex domain-specific ontologies. GeoPROV 
responds directly to the identified limitations by formalising spatially explicit PROV patterns 
while preserving compatibility with ISO metadata, GeoSPARQL, and emerging catalogue 
standards such as STAC. By minimising modelling overhead and supporting incremental 
adoption, GeoPROV aims to improve interoperability, granularity, and operational deploya-
bility without exacerbating scalability constraints.

4.3. Limitations of the Review
This review has several limitations. The literature search was restricted to English-

language publications, introducing potential language bias. Although multiple academic 
databases were queried, the relevant grey literature and proprietary implementations may 
be under-represented. Moreover, the synthesis largely reflects conceptual and architectural 
contributions, as large-scale empirical deployments of semantic provenance in operational 
SDSCs remain limited. Finally, given the rapid evolution of semantic web technologies and 
geospatial standards, the findings represent a temporal snapshot that will require periodic 
updating to remain current.

5. GeoPROV: A Minimal Semantic Profile for Spatial Provenance
5.1. Design Rationale

Unlike existing PROV-O extensions, GeoPROV prioritises minimalism and interoper-
ability by defining only essential spatial constructs, avoiding complex workflow modelling 
overhead. GeoPROV is proposed as a minimal semantic profile of the W3C PROV-O, explic-
itly designed to address the recurrent and systematically observed provenance limitations 
identified in Section 3 and synthesised in Table 10.
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Table 10. Comparison of provenance models and standards identified in the literature review.

Feature PROV-O GeoPROV (Published) GeoPROV Coastal EO 
Application Profile

Generic Provenance √ √ √
Spatial Entities Limited √ √

GeoSPARQL Support Limited √ √
SDSC Focus No Yes Yes

Coastal EO Workflows No No Yes

Rather than introducing a comprehensive domain ontology or an execution-level work-
flow model, GeoPROV targets a narrowly defined but critical gap: the absence of spatially 
explicit, feature-level, standards-aligned provenance that can be operationalised within 
real-world Spatial Data Supply Chains (SDSCs). The proposed GeoPROV framework builds 
upon previous provenance research while extending existing approaches through explicit 
representation of geospatial entities, spatial processing activities, observational datasets, 
quality metadata, and supply chain relationships. Table 11 compares GeoPROV with existing 
provenance frameworks. The contribution of this study lies in an EO-specific implementa-
tion profile that specifies how existing provenance constructs are mapped to observational 
resources, geoprocessing workflows and organisational responsibilities throughout the 
data supply chain. In this profile, source observations, intermediate datasets and derived 
products are mapped to prov:Entity; acquisition, preprocessing, transformation, quality as-
sessment, publication and dissemination are mapped to prov:Activity; and the organisations 
responsible for these stages are mapped to prov:Agent. The proposed mappings connect 
processing inputs and outputs with their parameters, software and model versions, valida-
tion evidence and responsible organisations. They also extend the workflow description 
through organisational handovers to the final dissemination stage, linking computational 
derivation with responsibility for product delivery. The intended capability is therefore an 
integrated trace that supports both backward investigation from a disseminated product to 
its observations, processing history and responsible organisations—and forward depen-
dency tracing from an input or processing step to affected downstream products. These 
capabilities arise from the coordinated application of existing semantics; this study does 
not claim new fundamental provenance classes and reasoning operators. Its incremental 
contribution is the proposed reusable mapping and implementation specification for EO 
data supply chains, with coastal workflows serving as the illustrative application rather 
than defining the limits of the profile.

The design of GeoPROV was directly informed by the evidence-based gaps identified 
in the systematic review. First, the predominance of dataset-level provenance across SD-
SCs highlighted the need for finer-grained traceability; consequently, GeoPROV supports 
feature-level entities and persistent identifiers to enable lineage tracking at the level of indi-
vidual spatial features. Second, the review revealed weak and often inconsistent alignment 
between W3C PROV and ISO 19115/19157 lineage models, motivating explicit mappings 
that bridge machine-actionable provenance graphs with established geospatial metadata 
and quality standards. Third, the limited representation of spatial context within existing 
provenance frameworks led to the incorporation of GeoSPARQL, enabling geospatial se-
mantics, spatial relationships, and location-aware provenance queries. Fourth, the lack 
of systematic provenance validation mechanisms identified in many studies is addressed 
through optional SHACL constraints that support completeness, consistency, and standards-
conformance checking. Finally, the review found limited integration between provenance 
frameworks and modern Earth Observation cataloguing ecosystems; GeoPROV therefore 
incorporates STAC-compatible linking mechanisms to connect provenance records with EO 

https://doi.org/10.3390/rs18213737

https://doi.org/10.3390/rs18213737


Remote Sens. 2026, 18, 3737 23 of 35

assets and cloud-native catalogue infrastructures. Collectively, these design decisions en-
sure that GeoPROV responds directly to the principal limitations identified in the literature 
while maintaining a lightweight, interoperable, and implementation-oriented profile for 
provenance-aware spatial data supply chains.

Table 11. Strengths and weaknesses in provenance automation and big data scalability.

Aspect Strengths Weaknesses

Provenance modelling frameworks

PROV widely extended with 
GeoSPARQL and DCAT, enabling 
expressive, interoperable models and 
end-to-end chains

Feature- and attribute-level detail 
inconsistent; domain fragmentation 
hinders reuse.

Workflow integration
Provenance-aware WPS/GIService 
chaining captures lineage at 
execution time.

Heterogeneous platforms limit 
plug-and-play integration.

Granularity and expressiveness Typed workflows and QA-linked 
steps support error tracing

Dataset-level provenance dominates; 
fine-grained modelling burdensome 
at scale

Querying, reasoning, visualisation SPARQL/OWL enable inference, 
fitness-for-use dashboards

Latency, usability, and explanation 
challenges persist

Interoperability and standardisation ISO–PROV alignments and common 
models reduce silos

Vendor-specific extensions; lack of 
common geo-provenance profile

Automation Semantic execution engines 
improve completeness

High integration effort; limited 
support for real-time pipelines.

Big data scalability Linked-data lifecycle tooling 
enables enrichment

Storage and reasoning bottlenecks at 
large graph scales

GeoPROV is guided by three evidence-driven principles. Minimalism limits exten-
sions to those strictly required for spatial provenance, addressing concerns over modelling 
complexity and scalability. Standards alignment maintains full compatibility with PROV-O 
while explicitly linking to ISO 19115/19157 and GeoSPARQL, resolving persistent infor-
mality in PROV–ISO mappings. Deployability emphasises incremental adoption within 
existing SDSCs without requiring architectural re-engineering. Grounded in the recurring 
limitations identified in Table 11—coarse provenance granularity, weak interoperability, 
and inconsistent standards integration—GeoPROV is positioned as a pragmatic, adoption-
oriented profile rather than a speculative model.

The systematic review identified several recurring gaps that directly informed the 
design of GeoPROV. Most existing provenance implementations remain focused on dataset-
level or workflow-level lineage, providing limited support for feature-level traceability. To 
address this limitation, GeoPROV introduces feature-level entities and persistent identifiers 
that enable provenance tracking of individual EO-derived coastal features. The review 
also revealed weak and inconsistent alignment between W3C PROV and ISO 19115/19157 
lineage models, motivating explicit mappings between machine-actionable provenance 
graphs and established geospatial metadata and quality standards. Limited support for 
spatial semantics was addressed through the integration of GeoSPARQL, enabling spatially 
aware provenance representation and querying. The relative absence of provenance valida-
tion mechanisms in the literature led to the inclusion of optional SHACL constraints for 
provenance completeness, consistency, and standards-conformance checking. Finally, the 
limited integration of provenance frameworks with modern Earth Observation catalogues 
motivated STAC-compatible linking mechanisms that connect provenance records with EO 
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assets and cloud-native discovery infrastructures. Collectively, these capabilities position 
GeoPROV as a lightweight, interoperable, and standards-aligned provenance profile for 
EO-derived coastal products and spatial data supply chains.

5.2. Scope and Contribution
Within this explicitly constrained scope, GeoPROV introduces four complementary 

contributions, each corresponding to an empirically observed gap summarised in Table 11. 
First, it supports spatially typed prov:Entity instances, enabling datasets, collections, and 
individual features to be consistently associated with spatial semantics and persistent identi-
fiers, thereby addressing the predominance of dataset-level provenance. Second, GeoPROV 
enables explicit modelling of core geospatial processing activities, including reprojection, 
resampling, and generalisation, allowing spatial transformations and their parameters to 
be represented transparently within provenance graphs. Third, it promotes feature-level 
persistent identifiers, supporting fine-grained lineage tracking across iterative processing, 
partial reprocessing, and versioning cycles, as required in large-scale operational systems. 
Fourth, GeoPROV defines optional SHACL constraints that enable validation of prove-
nance completeness, consistency, and standards conformance without imposing mandatory 
reasoning or execution semantics, mitigating performance and scalability concerns.

GeoPROV is explicitly not intended to replace ISO metadata standards, workflow 
specification languages, or domain-specific ontologies. Instead, it functions as a semantic 
bridging layer, linking operational SDSC workflows with ISO-based metadata and quality 
frameworks through a machine-actionable PROV-O profile. As demonstrated by the review-
to-design mapping in Table 11, GeoPROV constrains its ambition to what is empirically 
necessary, providing a standards-aligned pathway toward interoperable, provenance-centric 
SDSCs that reflect real operational dynamics rather than idealised linear pipelines.

5.3. GeoPROV Conceptual Model
GeoPROV extends the W3C PROV-O framework through a minimal set of spatially 

aware constructs to support feature-level provenance in Spatial Data Supply Chains (SD-
SCs). It retains PROV-O’s entity–activity–agent model while introducing explicit spatial 
typing, persistent feature-level identifiers, and constrained extensions derived directly 
from the evidence-based gaps summarised in Table 11. Spatial datasets and features are 
modelled as typed prov:Entity instances, enabling lineage tracing at operational granular-
ity. Geospatial processes (e.g., reprojection, resampling, aggregation) are represented as 
parameterised prov:Activity instances, addressing the informal or incomplete modelling 
of spatial transformations observed in prior work. Interoperability is ensured through 
explicit alignment with ISO 19115/19157 and GeoSPARQL, while optional SHACL con-
straints support validation without imposing scalability-limiting reasoning requirements. 
Collectively, GeoPROV functions as a lightweight semantic integration layer optimised for 
interoperability, deployability, and analytical fitness.

5.4. GeoPROV Pattern for EO-Derived Coastal Observation Products
For coastal remote sensing, GeoPROV can be operationalised as a provenance pattern 

that links raw observations, processing activities, EO derivatives, validation evidence, and 
administrative outputs. The pattern begins with the acquisition entity, represented as 
a prov:Entity linked to a STAC item or equivalent catalogue record. This entity records 
the sensor, platform, acquisition time, spatial footprint, spectral bands, spatial resolution, 
cloud cover, orbit or flight metadata, and relevant environmental context such as tide 
level or water condition. For UAV and LiDAR observations, the acquisition entity also 
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records flight plan, ground control configuration, GNSS/IMU metadata, point density, and 
calibration information.

The second component is the processing activity, modelled as a parameterised prov:Ac-
tivity. In coastal workflows, this may include atmospheric correction, radiometric calibra-
tion, orthorectification, reprojection, water-index calculation, tidal normalisation, cloud and 
shadow masking, AI segmentation, bathymetric inversion, water-column correction, point-
cloud classification, DEM generation, or flood-extent extraction. GeoPROV records the 
software, algorithm, model version, threshold, training data, processing date, responsible 
agent, and computational environment associated with each activity. This allows derived 
products to be interpreted as reproducible outcomes rather than detached map layers.

The third component is the EO-derived coastal product, represented as a spatially typed 
prov:Entity with a persistent identifier and GeoSPARQL-compatible geometry. Examples 
include shoreline segments, erosion-rate transects, DEM tiles, bathymetric grids, turbidity 
surfaces, mangrove polygons, flood boundaries, and infrastructure exposure features. Each 
product is linked to the activity that generated it through prov:wasGeneratedBy and to its 
source observations through prov:wasDerivedFrom. Feature-level identifiers allow partial 
updates, local reprocessing, and version comparisons to be traced without regenerating 
provenance for the entire dataset [153].

The fourth component is validation and quality assessment. GeoPROV links each 
derivative to validation datasets, field measurements, UAV/GNSS checkpoints, confusion 
matrices, RMSE values, positional accuracy measures, thematic accuracy measures, uncer-
tainty surfaces, and ISO 19157 quality elements. This enables users to query not only where 
a coastal feature came from but also how reliable it is for a specific purpose.

The final component is administrative use. Coastal products frequently enter plan-
ning, risk, emergency, conservation, engineering, or cadastral workflows. GeoPROV can 
represent these downstream uses as prov:Activity instances that consume EO derivatives 
and generate administrative outputs such as erosion-risk zones, development setbacks, 
flood-response maps, restoration-priority areas, or coastal asset registers. This design con-
nects scientific provenance with governance accountability, allowing users to determine 
which observation, algorithm, validation evidence, and uncertainty estimate supported a 
particular coastal decision.

Figure 2 summarises this GeoPROV-enabled sensor-to-decision chain for EO-derived 
coastal observation products. GeoPROV-enabled EO derivative chain for coastal observation. 
The figure illustrates how raw satellite, UAV/LiDAR, IoT, tide-gauge, and GNSS observations 
are transformed through preprocessing, AI/geoprocessing, EO-derived coastal feature 
generation, validation and quality assessment, and STAC/ISO catalogue publication before 
supporting coastal-administrative decision layers. The GeoPROV semantic provenance 
graph acts as a cross-cutting machine-actionable layer that records prov:Entity, prov:Activity, 
prov:Agent, GeoSPARQL geometry/CRS, ISO lineage and quality information, SHACL 
constraints, and STAC links across the full sensor-to-decision chain.

The systematic review revealed that provenance requirements vary substantially across 
coastal EO-derived products. Therefore, GeoPROV defines a core provenance model com-
bined with product-specific provenance extensions to ensure that information influencing 
reliability, reproducibility, and uncertainty can be consistently recorded.
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Figure 2. GeoPROV-enabled EO derivative chain for coastal observation.

5.5. Example Application: Sentinel-2/UAV Shoreline Monitoring
A provenance-aware shoreline monitoring workflow may begin with a Sentinel-2 Level-

1C scene, supported by tide-gauge observations and optional UAV validation data [154]. 
The preprocessing stage applies atmospheric correction, cloud and shadow masking, or-
thorectification, reprojection, and water-index calculation [155]. A shoreline extraction 
activity then applies an NDWI or MNDWI threshold, an AI segmentation model, or a hybrid 
rule-based method to generate shoreline vectors [156]. The resulting shoreline segments 
are represented as spatially typed prov:Entity instances with persistent feature identifiers 
and GeoSPARQL-compatible geometries. Each segment is linked through prov:wasGenerat-
edBy to the extraction activity and through prov:wasDerivedFrom to the source scene, tide 
record, cloud mask, and validation dataset. ISO 19157 quality elements record positional 
accuracy, validation RMSE, completeness, and uncertainty. The final shoreline product can 
then be published through a STAC/ISO catalogue and reused in DSAS-based erosion-rate 
estimation, setback planning, flood-risk assessment, or land–sea boundary interpretation.

This example illustrates the central value of GeoPROV: it preserves the evidential chain 
from observation to administrative decision, allowing users to determine not only where 
a coastal feature is located but also how, when, by whom, and with what uncertainty it 
was produced.

The Sentinel-2/UAV shoreline monitoring example demonstrates the conceptual ap-
plicability and completeness of the GeoPROV framework. However, it should not be inter-
preted as formal validation. Future work should implement GeoPROV within operational 
Earth Observation infrastructures and evaluate interoperability, scalability, provenance 
completeness, and query performance using real-world datasets. GeoPROV is not intended 
to replace existing provenance frameworks. Rather, it serves as a lightweight integration 
profile that combines complementary capabilities from PROV-O, GeoSPARQL, SHACL, 
ISO 19115/19157 lineage concepts, and STAC metadata specifications. Its primary contri-
bution lies in adapting and integrating these established standards to address provenance 
requirements specific to coastal EO-derived products.

5.6. GeoPROV Formal Specification
To support implementation and interoperability, GeoPROV is defined as a lightweight 

semantic profile extending established provenance and geospatial standards. The profile 
adopts PROV-O classes for entities, activities, and agents; GeoSPARQL for spatial represen-
tations; STAC for EO asset descriptions; and SHACL for constraint validation.
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Core GeoPROV classes, properties, namespace definitions, and mappings to source 
standards are provided in Supplementary Materials. Machine-readable implementations 
including RDF/Turtle examples, SHACL validation shapes, GeoSPARQL queries, and JSON-
LD serialisations are publicly available through the project repository.

6. Implications and Future Research Directions
The findings of this review highlight the need to treat provenance as a first-class, 

operational component of Spatial Data Supply Chains rather than as auxiliary documen-
tation. While semantic web-based approaches demonstrate the potential of machine-
actionable provenance to improve transparency, trust, and reproducibility, their impact is 
constrained by fragmented integration, limited feature-level granularity, and inconsistent 
standards alignment. GeoPROV addresses these issues through a lightweight semantic 
profile that enables spatially explicit provenance while remaining compatible with PROV-O, 
ISO 19115/19157, GeoSPARQL, and emerging catalogue standards, supporting interopera-
ble and incrementally deployable provenance across SDSCs. For coastal observation, the 
main implication is that provenance must move downstream with EO derivatives rather 
than remaining attached only to raw scenes or processing reports. A satellite-derived shore-
line, UAV-derived DEM, AI-generated flood boundary, or turbidity plume map may be 
reused many times across erosion monitoring, engineering design, ecological assessment, 
and coastal planning. If the derivative is separated from its acquisition conditions, model 
parameters, validation evidence, and uncertainty estimates, its administrative and scientific 
meaning becomes unstable. GeoPROV addresses this challenge by supporting feature-level 
provenance that connects the sensor-to-decision chain: acquisition, preprocessing, AI or 
geospatial analysis, derivative generation, quality assessment, catalogue publication, and 
administrative reuse.

Future research should therefore prioritise provenance-aware EO derivative pipelines 
for coastal systems. Three areas are especially important. First, AI-enabled coastal workflows 
require provenance models that capture training data lineage, annotation rules, model ver-
sioning, prompt design, uncertainty, and postprocessing decisions. Second, open-water and 
intertidal products require provenance models that explicitly represent tide, wave, turbidity, 
water-column correction, bathymetric assumptions, and in situ validation. Third, coastal-
administrative applications require provenance links between EO-derived features and 
planning, cadastral, emergency-response, conservation, and infrastructure-management 
decisions. Addressing these areas would allow provenance to function not merely as a 
technical record but also as a mechanism for reproducible coastal science and accountable 
coastal governance.

The review identified substantial variation in provenance requirements across coastal 
EO-derived products. Consequently, GeoPROV adopts a core provenance model supported 
by product-specific extensions. For example, shoreline products require documentation of 
shoreline indicators, tidal datum, acquisition time, extraction methodology, and positional 
accuracy. SAR flood products require information on sensor configuration, polarisation, 
incidence angle, processing parameters, classification methods, and validation metrics. UAV 
and LiDAR products additionally require flight characteristics, ground control information, 
vertical datum specifications, and point-cloud processing workflows. Capturing these 
provenance elements improves product traceability, reproducibility, uncertainty assessment, 
and fitness-for-purpose evaluation.

Future research should prioritise automated, scalable provenance capture in cloud-
native, streaming, and AI-driven geospatial pipelines, where manual and post hoc methods 
are inadequate. Key challenges include advancing feature-level provenance, improving 
scalable graph storage and SPARQL optimisation, and developing selective reasoning 

https://doi.org/10.3390/rs18213737

https://doi.org/10.3390/rs18213737


Remote Sens. 2026, 18, 3737 28 of 35

and user-centred visualisation to support billion-triple analytics. Progress in these areas, 
supported by standardised profiles such as GeoPROV, is essential for operationalising 
provenance-centric spatial data governance in complex, data-intensive environments.

7. Conclusions
This study provided a systematic review of 156 publications on semantic web-based 

provenance modelling in Spatial Data Supply Chains (SDSCs). While standards such as 
W3C PROV and ISO 19115/19157 offer a strong foundation, their application in SDSCs 
remains fragmented, with most approaches limited to coarse, dataset-level provenance and 
ad hoc integrations that hinder interoperability, feature-level traceability, and scalability. 
These findings indicate that effective SDSC provenance requires coherent, lightweight 
semantic integration beyond existing technical capabilities.

In response, this paper introduced GeoPROV, a minimal semantic profile that extends 
PROV-O with spatial semantics while remaining aligned with established geospatial and 
catalogue standards. Grounded in evidence from the review, GeoPROV acts as an enabling 
layer for EO-derived coastal products, including satellite-derived shorelines, UAV and 
LiDAR elevation models, bathymetric grids, water-quality indicators, habitat classifications, 
flood extents, and coastal-administrative decision layers. Its value lies in connecting raw 
observation, processing activity, AI or geospatial model, derived feature, validation evidence, 
uncertainty estimate, and downstream use within a machine-actionable provenance graph. 
Advancing provenance-centric SDSCs will require collaboration among remote sensing 
scientists, coastal managers, standards bodies, and platform developers so that future coastal 
observation systems are not only data-rich, but also transparent, reproducible, interoperable, 
and administratively defensible.

Because the systematic review was conducted across multiple SDSC domains, the 
coastal Earth Observation examples presented in this study should be interpreted as rep-
resentative application scenarios rather than a comprehensive review of coastal remote 
sensing systems. The review synthesised provenance requirements from both coastal EO 
applications and the broader geospatial provenance literature, which collectively informed 
the development of the GeoPROV profile for coastal EO-derived products.
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