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Abstract

Modern enterprises face an overwhelming volume of big data—continuously
generated at high velocity, in diverse formats, from multiple sources, and
stored at significant expense. To derive value for AI training and insightful
analytics, this heterogeneous data must be properly linked and processed in
machine-readable form. Traditional data ingestion pipelines, such as Extract-
Transform-Load (ETL/ELT), materialise structured and unstructured data for
query processing, but they become inefficient or overloaded when updates occur
frequently. This thesis investigates Virtual Knowledge Graphs (VKGs), also
known as Ontology-based Data Access (OBDA), as a virtualisation approach
for flexible, efficient management of large-scale structured and unstructured
data without materialisation. Our core focus is on integrating multidimensional
raster data (e.g., images or continuous spatial-temporal phenomena represented
as arrays) with relational/vector data (points, lines, polygons) and linked data.
Conventional VKG systems mediate OWL ontologies over relational databases
via declarative R2RML mappings, translating SPARQL queries over the ontol-
ogy into optimised SQL executions. However, they lack native support for the
multidimensional nature of raster data and seamless integration with vector
geometries, which limits their use in geospatial settings such as Earth Obser-
vation, Geographical Information Systems, and Urban planning. To overcome
these limitations, we propose OntoRaster, a novel extended VKG framework
that enables virtual integration and querying of raster, relational, and vector
data. OntoRaster leverages domain-specific ontologies and supports on-the-
fly query processing, thus minimising expensive data transfers, by delegating
computations to specialised back-ends. For rigorous evaluation, we introduce
comprehensive benchmarks to assess such VKG systems, i.e., OntoRaster
on integrated raster-vector data processing workloads, using domain ontologies
and synthetically generated, similar, scalable datasets that vary in properties
(resolution, coverage, pixel density, polygons, etc.). Finally, we explore se-
mantic enrichment for location-based business intelligence by exposing a SQL-
accessible knowledge graph to BI tools. Additionally, we explore an LLM-based
system for generating raster-based SPARQL queries based on ontologies from
natural language queries. This empowers business experts to obtain actionable
insights for location-based decision-making and risk assessment without requir-
ing advanced geospatial expertise. Overall, this dissertation bridges Big Data,
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Semantic Web, AI and BI communities, advancing scalable, ontology-mediated
access to heterogeneous multidimensional spatial-temporal geo data.
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Sammanfattning

Moderna organisationer st̊ar inför en överväldigande mängd Big Data , som
genereras kontinuerligt i hög hastighet, varierande format, fr̊an flera källor och
lagras till en betydande kostnad. För att utvinna värde för AI-träning och
avancerad analys m̊aste denna heterogena data kopplas samman och bearbetas
s̊a att den kan läsas av maskiner. Traditionella pipelines för datahantering,
s̊asom Extract-Transform-Load (ETL/ELT), materialiserar strukturerad och
ostrukturerad data för fr̊agebearbetning. Dessa metoder blir dock ineffektiva
eller överbelastade när uppdateringar sker frekvent. Denna avhandling un-
dersöker Virtual Knowledge Graphs (VKGs), även kända som Ontology-based
Data Access (OBDA), som en virtualiseringsmetod för flexibel och effektiv
hantering av storskalig strukturerad och ostrukturerad data utan materialiser-
ing. V̊art huvudsakliga fokus är integrationen av multidimensionell rasterdata
(t.ex. bilder eller kontinuerliga rumsligt-temporala fenomen representerade
som matriser) med relations- och vektordata (punkter, linjer, polygoner) samt
länkad data. Konventionella VKG-system använder OWL-ontologier och rela-
tionsdatabaser sammankopplade med hjälp av deklarativa R2RML-mappingar,
där SPARQL-fr̊agor för ontologin översätts till optimerade SQL-exekveringar.
Dessa system saknar dock inbyggt stöd för multidimensionell raster data och
sömlös integration med vektorgeometrier. Detta begränsar deras användning
i geospatiala tillämpningsomr̊aden s̊asom Earth Observation (EO), Geograph-
ical Information Systems (GIS) och stadsplanering. För att överkomma dessa
begränsningar föresl̊ar vi ett nytt utökat VKG-ramverk, OntoRaster,som
möjliggör virtuell integration och fr̊agebearbetning av raster-, relations- och
vektordata. OntoRaster utnyttjar domänspecifika ontologier och stödjer
bearbetning av fr̊agor on-the-fly, vilket minimerar kostsamma dataöverföringar
genom att delegera beräkningar till specialiserade backend-system. För en
rigorös utvärdering av VKG-system s̊asom OntoRaster introducerar vi om-
fattande benchmarks med arbetslaster för integrerad bearbetning av raster-
vektor-data. Dessa benchmarks använder domänontologier samt syntetiskt
genererade, skalbara dataset med varierande egenskaper (upplösning, täckning,
pixeltäthet, polygoner etc.). Slutligen undersöker vi metoder för semantisk
berikning för platsbaserad business intelligence (BI) genom att exponera en
SQL-̊atkomlig knowledge graph för BI-verktyg. Dessutom utforskar vi ett LLM-
baserat system för att generera rasterbaserade SPARQL-fr̊agor fr̊an naturligt
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spr̊ak baserat p̊a ontologier. Detta gör det möjligt för experter inom verk-
samheter att ta reda p̊a handlingsbara insikter för platsbaserat beslutsfattande
och riskbedömning utan krav p̊a expertis med avancerade geospatiala verk-
tyg Sammantaget bygger denna avhandling en bro mellan Big Data-, Semantic
Web, AI och BI forskningsomr̊adena genom att främja skalbar, ontologibaserad
åtkomst till heterogen multidimensionell rumsligt-temporal geodata.
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Sommario

Le imprese moderne affrontano un volume travolgente di big data —
generati continuamente ad alta velocità, in formati eterogenei, provenienti
da molteplici fonti e archiviati a costi significativi. Per estrarre valore ai
fini dell’addestramento dell’AI e di analisi avanzate, tali dati eterogenei de-
vono essere opportunamente collegati ed elaborati in forma leggibile dalle mac-
chine. Le tradizionali pipeline di data ingestion, come Extract-Transform-Load
(ETL/ELT), materializzano dati strutturati e non strutturati per l’elaborazione
delle query; tuttavia, esse diventano inefficienti o sovraccariche quando gli ag-
giornamenti avvengono con elevata frequenza. Questa tesi studia i Virtual
Knowledge Graphs (VKGs), noti anche come Ontology-based Data Access
(OBDA), come approccio di virtualizzazione per la gestione flessibile ed ef-
ficiente di dati strutturati e non strutturati su larga scala senza materializ-
zazione. L’obiettivo principale è l’integrazione di dati raster multidimension-
ali (ad esempio immagini o fenomeni spazio-temporali continui rappresentati
come array) con dati relazionali/vettoriali (punti, linee e poligoni) e linked
data. I sistemi VKG convenzionali mediano ontologie OWL su database re-
lazionali tramite mapping dichiarativi R2RML, traducendo query SPARQL
definite sull’ontologia in esecuzioni SQL ottimizzate. Tuttavia, tali sistemi
non forniscono supporto nativo alla natura multidimensionale dei dati raster
né un’integrazione fluida con le geometrie vettoriali, limitandone l’utilizzo in
contesti geospaziali quali Earth Observation, Geographical Information Sys-
tems e pianificazione urbana. Per superare tali limitazioni proponiamo On-
toRaster, un nuovo framework VKG esteso che consente l’integrazione vir-
tuale e l’interrogazione congiunta di dati raster, relazionali e vettoriali. On-
toRaster sfrutta ontologie specifiche di dominio e supporta l’elaborazione
delle query on-the-fly, riducendo al minimo i costosi trasferimenti di dati medi-
ante la delega dei calcoli a back-end specializzati. Per una valutazione rigorosa
introduciamo benchmark completi per l’analisi di tali sistemi VKG, ovvero
OntoRaster, su carichi di lavoro integrati di elaborazione raster-vector, uti-
lizzando ontologie di dominio e dataset sintetici, comparabili e scalabili che
variano in diverse proprietà (risoluzione, copertura, densità di pixel, poligoni,
etc.). Infine, esploriamo l’arricchimento semantico per la business intelligence
basata sulla localizzazione mediante l’esposizione di un knowledge graph acces-
sibile tramite SQL agli strumenti BI. Inoltre, analizziamo un sistema basato su
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LLM per la generazione di query SPARQL basate su raster a partire da inter-
rogazioni in linguaggio naturale, sfruttando ontologie di dominio. Ciò consente
agli esperti aziendali di ottenere insight operativi per il processo decisionale
basato sulla localizzazione e la valutazione del rischio senza richiedere compe-
tenze geospaziali avanzate. Nel complesso, questa dissertazione crea un ponte
tra le comunità Big Data, Semantic Web, AI e BI, promuovendo un accesso
scalabile e mediato da ontologie a dati geospaziali eterogenei multidimensionali
spazio-temporali.
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সংিক্ষপ্সার

আধুিনক পৰ্িতষ্ঠানসমূহ িবপুল পিরমাণ িবগ েডটার সমু্মখীন, যা ধারাবািহকভােব উচ্চ গিতেত িবিভন্ন
ফরময্ােট, একািধক উৎস েথেক অিবরত উৎপন্ন হেচ্ছ এবং উেল্লখেযাগয্ বয্েয় সংরিক্ষত হেচ্ছ। AI
পৰ্িশক্ষণ এবং অন্তদৃর্িষ্টপূণর্ িবেশ্লষেণর জনয্ মূলয্ আহরণ করেত হেল এই ৈবিচতৰ্য্ময় েডটােক সিঠকভােব
সংযুক্ত কের েমিশন-পাঠেযাগয্ আকাের পৰ্িকৰ্য়াকরণ করা আবশয্ক। পৰ্চিলত েডটা ইনেজশন পাইপলাইন
গুেলা (ETL/ELT) সংগিঠত এবং অসংগিঠত েডটােক ময্ােটিরয়ালাইজ কের িবসৃ্তত পৰ্িকৰ্য়াকরেণর জনয্
পৰ্স্তুত কের, িকন্তু এগুেলা অদক্ষ বা অিতিরক্ত চাপগৰ্স্ত হেয় পেড় যিদ েডটা পৰ্ায়ই পিরবিতর্ত বা আপেডট
হেত থােক। এই গেবষণা পৰ্বেন্ধ ভাচুর্য়াল নেলজ গৰ্াফ (VKG), যা অেন্টালিজ-িভিত্তক েডটা অয্ােক্সস
(OBDA) নােমও পিরিচত, যা একিট ভাচুর্য়ালাইেজশন পদ্ধিত, যা ময্ােটিরয়ালাইেজশন বয্িতেরেক বৃহৎ
পিরসেরর সংগিঠত এবং অসংগিঠত েডটা দক্ষভােব পিরচালনা করেত সক্ষম। এর মূল লক্ষয্ হেলা
বহুমািতৰ্ক রাস্টার েডটা (েযমন িচতৰ্ বা অয্াের িহেসেব উপস্থািপত ধারাবািহক স্থানীয়-সামিয়ক ঘটনা) েক
িরেলশনাল/েভক্টর েডটা (িবনু্দ, েরখা, বহুভুজ) এবং িলঙ্কড েডটার সােথ সংহিতসাধন করা । পৰ্চিলত
VKG িসেস্টমগুেলা R2RML ময্ািপংেয়র মাধয্েম িরেলশনাল ডাটােবেসর ওপর OWL অেন্টালিজর
মাধয্েম, SPARQL পৰ্শ্নগুেলােক অিপ্টমাইজড SQL এিক্সিকউশেন অনুবাদ কের। তেব, এগুেলােত
রাস্টার েডটার বহুমািতৰ্ক পৰ্কৃিত এবং েভক্টর িজওেমিটৰ্গুেলার িনিবর্ঘ্ন একতৰ্ীকরেণর জনয্ েনিটভ
সমথর্ন েনই, যা পৃিথবী পযর্েবক্ষণ, েভৗেগািলক তথয্ বয্বস্থা, এবং নগর পিরকল্পনা-এর মেতা ভূ-স্থানীয়
পিরেবেশ VKG এর বয্বহার সীিমত কের। এই সীমাবদ্ধতাগুেলা কািটেয় ওঠার জনয্, আমরা পৰ্স্তাব
করিছ , একিট নতুন িবসৃ্তত VKG েফৰ্মওয়াকর্ যা রাস্টার, িরেলশনাল এবং েভক্টর েডটার ভাচুর্য়াল
একতৰ্ীকরণ এবং অনুসন্ধান সক্ষম কের। েডােমইন-িনিদর্ষ্ট অেন্টালিজ বয্বহার কের এবং অন-দয্-
ফ্লাই পৰ্শ্ন পৰ্িকৰ্য়াকরণ সমথর্ন কের, ফলসব্রূপ বয্য়বহুল েডটা স্থানান্তর হৰ্াস ঘেট এবং অনয্িদেক
গুরুতব্পূণর্ গণনাগুিল িবেশষািয়ত বয্াকএেন্ড অিপর্ত হয়। এর মেতা VKG িসেস্টমগুেলার রাস্টার-েভক্টর
েডটা সংযুক্ত পৰ্িকৰ্য়াকরণ ক্ষমতার উপযুক্ত এবং পিরপূণর্ মূলয্ায়েনর উেদ্দেশয্ আমরা িবসৃ্তত েবঞ্চমাকর্
উপস্থাপন করিছ। এেত েডােমইন অেন্টালিজ অনুযায়ী িভন্ন িভন্ন িসেন্থিটকভােব ৈতির অনুরূপ েস্কলেযাগয্
েডটােসট বয্বহৃত হেয়েছ, েযগুেলা িবিভন্ন ৈবিশেষ্টয্ পিরবিতর্ত হয় (েরেজািলউশন, কভােরজ, িপেক্সল
ঘনতব্, িমশৰ্ বহুভুজ ইতয্ািদ)। পিরেশেষ, আমরা অবস্থান-িভিত্তক বয্বসািয়ক বুিদ্ধমত্তা (BI)-এর জনয্
অথর্গত সমৃিদ্ধ অনুসন্ধান কেরিছ, েযখােন BI টুলগুিলর জনয্ একিট SQL অয্ােক্সসেযাগয্ নেলজ গৰ্াফ
উনু্মক্ত করা হেয়েছ। একিট অিতিরক্ত ৈবিশষ্টয্ িহেসেব, আমরা পৰ্াকৃিতক ভাষার পৰ্শ্ন েথেক অেন্টালিজ
বয্বহার কের রাস্টার-িভিত্তক SPARQL পৰ্শ্ন সৃিষ্ট করার জনয্ একিট LLM িভিত্তক িসেস্টম ৈতির
কেরিছ, যার মাধয্েম বয্বসািয়ক িবেশষজ্ঞরা উন্নত ভূ-স্থানীয় দক্ষতার পৰ্েয়াজন ছাড়াই অবস্থান-িভিত্তক
িসদ্ধান্ত গৰ্হণ এবং ঝুঁিক মূলয্ায়েনর জনয্ বয্বহারেযাগয্ অন্তদৃর্িষ্ট অজর্ন করেত সক্ষম হেব। সামিগৰ্কভােব,
এই িথিসসিট িবগ েডটা, েসময্ািন্টক ওেয়ব, AI এবং BI িবষয়গুেলা েক সংযুক্ত কের, এবং িভন্নধমর্ী
ভূ-স্থানীয় বহুমািতৰ্ক েডটা, অেন্টালিজ-মধয্িস্থত অয্ােক্সস এর মাধয্েম সমৃ্পক্ত কের।

ix
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Chapter 1

Introduction

We are overwhelmed with information in the current era of prolific ad-
vancements of Artificial Intelligence (AI) and big data. Data is generated and
collected at an unprecedented scale, in myriad formats from heterogeneous
sources, often at considerable expense for storage and maintenance. Yet, de-
spite its inherent value, this deluge rarely yields actionable insights without ad-
equate mechanisms for comprehension and interpretation. This thesis explores
the paradigm of Virtual Knowledge Graphs (VKG), also known as Ontology-
based Data Access (OBDA), with a particular emphasis on enhancing their abil-
ity to query vast, heterogeneous big datasets—such as multidimensional raster
data alongside relational data, including vector data. Building on foundational
advances in knowledge representation and semantic technologies, this work con-
fronts the shortcomings of conventional relational databases in managing se-
mantically rich geospatial information. Within the broader landscape of AI, the
structuring of information in a machine-readable form is pivotal to the efficacy
of intelligent systems and their emergent behaviours. Knowledge Representa-
tion & Reasoning (KR&R) is a foundational domain in AI research that focuses
on encoding real-world information in a symbolic, machine-interpretable for-
mat. A robust logical formalism supports this format, facilitating human-like
reasoning and intelligent behaviour in addressing complex challenges across
various industrial domains, such as medicine, engineering, and business. How-
ever, the colossal growth in data generated from multiple sources, in diverse
formats, along with their metadata, presents significant challenges for data
administration and processing. Virtual Knowledge Graphs (VKGs), part of
Semantic Web Technology (or Web 3.0), address these challenges by harmon-
ising heterogeneous data with embedded knowledge to derive novel inferences.
At their core lies the ontology, which endows the underlying data sources with
semantic meaning. Instances of ontologies manifest as knowledge graphs (KGs),
wherein data is organised as directed graphs: nodes denote domain entities or
literal values, while edges capture their attributes or inter-relationships. This
graph-based structure not only facilitates intuitive traversal and querying but
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Figure 1.1: Big Picture of the thesis

also supports automated reasoning to uncover implicit knowledge, bridging the
gap between raw data and domain-specific intelligence. The big picture of the
thesis is displayed in Figure 1.1.

1.1 Motivation

Scientific and business applications produce data in different representations at
a massive scale, leading to bottlenecks in data management and processing [6].
This gives rise to the notorious issue of data heterogeneity [203, 210], which
includes structural (e.g., schemas), syntactic (e.g., formats), and semantic (e.g.,
vocabularies).

• Structural Heterogeneity : Refers to differences in the organisation,
schema, or data models of information sources, such as variations in table
structures, attribute groupings, relationships, or hierarchies, even when
the underlying data describe similar concepts [71].

• Syntactic Heterogeneity : Concerns differences in the data formats, en-
codings, or representations used to store and exchange information [187].

• Semantic Heterogeneity : involves differences in meaning, interpreta-
tion, or conceptualisation of data across variable sources, including the
use of different vocabularies, terminologies, or ontologies to describe the
same or related real-world entities [203].

The motivation for this research is to mitigate data heterogeneity by
efficiently integrating and flexibly querying large-scale structured, semi-
structured, and unstructured data across domains, especially geospatial data
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(a) 25 Districts (b) 105 Subdistricts (c) CityGML3D Buildings

(d) OSM 2D Buildings (e) SRTM Elevation (f) MODIS Temperature

(g) MODIS NDVI (h) NDSI Snow Cover (i) ECO Soil Moisture

Figure 1.2: Heterogeneous geospatial data over Munich

enriched with semantic components under the VKG paradigm. VKGs offer a
robust framework where an ontology, typically specified in the standard lan-
guage OWL2QL, serves as a conceptual layer exposed to users for querying.
The actual data resides in relational databases and is connected to the ontology
via mapping assertions that define how classes and properties are populated
from these sources. Traditional VKG research has emphasised data integration
and query answering over plain relational data. However, many real-world large
datasets possess inherent semantics that require specialised handling. This ap-
plies specifically to raster data, which we concentrate on in this thesis.

Geospatial data exemplify this; indeed, their semantic heterogeneity is a
significant impediment to integration and sharing. The effective integration
and extensive dissemination of geospatial data are fundamental prerequisites
for advancing research and applications in geographic information science. To
exemplify the practical significance and challenges, we choose a specific area of
interest (AOI), namely Munich, the capital of Bavaria, Germany, along with its
adjacent functional urban area (FUA) as delineated by EU-OECD [66], which
denotes densely populated urban centres interconnected with the surrounding
labour market (’commuting zone’).

Imagine a real-world scenario in which a public representative of
Munich is responsible for efficient urban planning, including the
management of residential, commercial, educational, medical, and
other essential public amenities to enhance the quality of life for
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Munich’s taxpaying citizens. The public representative now has
various types of data on Munich, as shown in Figure 1.2. The goal
is to gather additional information by querying the data to inform
decision-making for Munich’s final urban plan for its citizens. For
a policymaker skilled in politics but not an expert data scientist,
formulating queries can be daunting without a deep knowledge of
the data schemas, making it challenging to craft them. We consider
relational data and its spatial geometric version, known as vector
data, which encompasses administrative district and sub-district
boundaries, 3D building data, and OSM 2D building footprints,
as shown in Figure 1.2(a-d). Moreover, we have large, multidimen-
sional raster data depicting space-time-varying continuous phenom-
ena, e.g., temperature, vegetation, snow cover and soil moisture, as
shown in Figure 1.2(e-i). In general, there may be 100 or more dis-
tinct vector and raster datasets covering any area of interest. The
public representative of Munich may not even be aware of these
vast datasets, making it difficult to query them.

Enter the Virtual Knowledge Graph (VKG) paradigm, which addresses data
heterogeneity by relying on an ontology to expose domain knowledge (e.g.,
medical, robotics, or geospatial), in a conceptually coherent manner, while
abstracting the technical schema-level intricacies of the underlying relational
data sources. The ontology is ‘connected’ to the data via mappings, which a
VKG engine Ontop [20] uses to automatically translate queries posed over
the ontology into queries against the underlying database management system.
The primary issue is that traditional VKGs support only relational databases
and do not natively support raster data and related functionality. Further-
more, raster data pose significant challenges for conventional data frames and
relational databases in terms of efficient management and querying. Their mul-
tidimensional, heterogeneous, and intricate nature complicates access for users
in business sectors, including analysts, policymakers, and managers, who lack
the necessary domain expertise. In the relevant literature, the issue has been
addressed only minimally so far.

1.2 Research Questions

This proposed doctoral research combines foundational and systems-oriented
contributions to the scalable, semantics-aware management of large-scale het-
erogeneous data through the Virtual Knowledge Graphs (VKG) paradigm.
This thesis aims to advance the integration of geospatial data, particularly
multidimensional raster data, into VKGs (henceforth, GeoVKGs) and to de-
velop sophisticated techniques for ontology-mediated visual query formulation
and the visual explanation of query results over such enriched graphs. Whereas
the traditional VKG framework primarily addresses query answering over rela-
tional sources via ontologies and declarative mappings, geospatial data intro-
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Figure 1.3: Design Science Research Methodology

duces specialised semantics, data models (vector and raster), and operations
that demand explicit system-level support. Contemporary VKG engines have
taken initial steps in this direction by supporting GeoSPARQL and translating
to native extensions, such as PostGIS. This thesis seeks to substantially extend
these capabilities by systematically addressing the following research questions:

RQ1: What is an effective architecture for the integration of different data for-
mats relevant to geospatial data, especially, raster data, general relational
data, geometric vector data and linked data using the VKG paradigm?

RQ2: How can we devise effective query plans that guide the structuring and
efficient processing of spatial queries over integrated data?

RQ3: How can we support the formulation of rich geospatial queries over
the integrated datasets through intelligent, context-aware, reasoning-
supported visual interfaces?

RQ4: How can the developed techniques and prototype system be rigorously
evaluated using diverse, real-world datasets that vary in structural com-
plexity, spatial distribution, and semantic density?

RQ5: How can the developed techniques and prototype system be used in spatial
business intelligence?

1.3 Methodology

This thesis adheres to the Design Science Research (DSR) [47] methodology,
which has been extensively utilised in information systems, computer science,
and engineering since its inception in 1969 [206], as illustrated in Figure 1.3
using a Business Process Model and Notation (BPMN) [228] diagram. DSR
provides a structured framework for addressing complex research challenges by
developing and evaluating innovative artefacts. These artefacts, which take the
form of models, frameworks, and algorithms, are designed to address research
challenges while advancing theoretical understanding and practical application.
Here, we outline the application of the DSR methodology in our context.
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We begin by identifying a significant problem in our research domain, which
lies at the intersection of Big Data, Artificial Intelligence (AI), the Semantic
Web (SW), and Business Intelligence (BI), as depicted in Figure 1.1. Our re-
search objectives are defined as research questions (cf. section 1.2) which are
focusing on achieving seamless integration and query processing of heteroge-
neous multidimensional data while maintaining virtualisation within the VKG
paradigm. Next, we enter the Design and Development phase, where we devise
novel solutions to address the identified problem. These solutions may include
new software, algorithms, or innovative processes. Through an iterative design
process, we create an initial version of the artefact, test it, evaluate its strengths
and weaknesses, and refine it accordingly. Understanding both successes and
failures is crucial in research, as failure models are as valuable as successful
outcomes. In the Evaluation phase, we assess our artefact by testing its per-
formance on publicly available datasets, measuring metrics such as speed and
accuracy, and evaluating its effectiveness relative to existing solutions. Ad-
ditionally, we develop theories to explain the artefact’s functionality and its
significance. Finally, the resulting work and its findings are encapsulated in
scientific articles and submitted to well-known journals and conferences in the
relevant community. Ultimately, our goal is to ensure that our work is precise,
reproducible, and valuable to others.

1.4 Thesis Contributions

This thesis aims to deliver several key contributions to the field of knowledge
graphs and geospatial data management:

• Novel VKG Framework for Heterogeneous Raster Data. The
thesis proposes OntoRaster, an extended VKG architecture that in-
tegrates multidimensional raster data with relational (including vector
data) and linked data within a single semantic framework. By connect-
ing ontology-based data access technology with an array DBMS, raster
data can be queried directly in its native multidimensional representa-
tion, avoiding costly transformations and enabling domain-agnostic data
integration.

• Federated Semantic Query Processing with Raster Support. A
novel query processing approach is introduced through RasSPARQL, an
extension of SPARQL supporting raster operations. A federated execu-
tion pipeline coordinates Ontop, PostgreSQL, and RasDaMan to decom-
pose, route, and combine queries across heterogeneous storage systems,
enabling efficient spatial and spatiotemporal query answering over inte-
grated datasets.

• Semantic Querying and Visualisation of Integrated Geo-
enriched-Knowledge Graphs. The thesis demonstrates expressive

8



querying and visual analysis over combined raster and vector datasets, in-
cluding OpenStreetMap, CityGML, and GeoNames. The proposed VKG
framework supports reasoning-driven geospatial exploration through in-
terpretable tabular results and geo map-based visualisations.

• Benchmarking Framework for raster-based VKG Systems. A
comprehensive evaluation methodology is developed for VKG systems
handling raster–vector integration. The work introduces benchmark cri-
teria, synthetic OGC-compliant datasets, and controlled performance ex-
periments, providing reusable resources and empirical insights into scal-
ability and query efficiency.

• Semantic Enrichment in Geospatial Business Intelligence. The
research bridges semantic technologies and business analytics by integrat-
ing OntoRaster, with Business Intelligence tools such as MS Power
BI via semantic SQL interfaces. Furthermore, an LLM-based retrieval-
augmented generation (RAG) approach enables natural language queries
to be translated into executable RasSPARQL, improving accessibility to
semantic geospatial analytics for business executives.

These contributions advance the current state of the art in the Virtual Knowl-
edge Graph (VKG) paradigm for query answering over multidimensional raster
data, and provide practical methods for real-world applications. The updated
OntoRaster framework is available on Github1.

1.5 Thesis Outline

The rest of the thesis is organised as follows,

• Chapter 2 provides a detailed introduction to the heterogeneous data
used in this thesis, including relational data (including vector data),
linked data, and raster data.

• Chapter 3 explores the semantic web (SW) and big data technologies
related to this thesis. First, the traditional Semantic Web (SW) stack is
presented, along with its main components. Then, advanced SW tech-
nologies are described, including knowledge graphs, ontologies, KR&R,
and the VKG paradigm for semantic data integration.

• Chapter 4 presents the main contribution of the thesis, OntoRaster,
a novel framework built on top of traditional VKG to support querying
and managing raster data ingestion alongside relational data. It addresses
two primary research questions RQ1 and RQ2.

1https://github.com/aghoshpro/OntoRaster.git
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• Chapter 5 outlines practical application of OntoRaster. This chapter
presents various spatial-temporal RasSPARQL queries posed over het-
erogeneous datasets across multiple areas of interest, with varying levels
of complexity and query results, utilising the OntoRaster framework.
This addresses RQ3.

• Chapter 6 provides a benchmark comprising 10 parameters to test On-
toRaster across different raster datasets and synthetically generated
vector geometries. This addresses RQ4.

• Chapter 7 outlines approaches to utilise semantic query results from
OntoRaster within BI tools to produce semantically enriched business
information through map-based visualisations, contributing to Geospa-
tial Business Intelligence (GeoBI) and RQ5. Furthermore, we present
Ontopic Suite’s Semantic SQL interface to enable direct querying of KGs
from BI tools, and we propose enhancing the SQL interface with raster
functions to support querying integrated raster and relational data within
OntoRaster.

• Chapter 8 concludes the thesis by summarising the key findings and
discussing potential directions for future research.
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Chapter 2

Heterogeneous Data
Management

In computer science, how to process and manage data is studied in various
disciplines, ranging from Databases, to Abstract Data Types, and Data Sci-
ence. Data are converted into information when they are processed, e.g., to
transfer them from one entity to another, and the receiving entity will con-
ceptualise that information as new knowledge. Overall, this enables significant
advancements across diverse domains, including decision-support applications.
The data-to-knowledge pipeline is hindered by the prevalence of heterogeneous
data, which refers to diverse types of raw data generated from multiple sources
at volumes and velocities beyond human comprehension. This heterogeneity
complicates effective data management and underscores the need for appro-
priate data integration techniques to support the transformation of data into
higher levels of information, knowledge, and ultimately wisdom.

2.1 Data – Information – Knowledge – Wisdom

The Data-Information-Knowledge-Wisdom (DIKW) hierarchy is a conceptual
model introduced by Ackoff et al. [2] which delineates the progressive trans-
formation of raw data into meaningful information, actionable knowledge, and
ethical wisdom. Originating from early philosophical and literary sources, with
an initial reference in T.S. Eliot’s poem “The Rock” (1934), which laments the
loss of wisdom amid abundant knowledge and information [238]. The DIKW
framework, often visualised as a pyramid as shown in Figure 2.1, which illus-
trates how data evolves through contextualisation, application, and evaluation
to culminate in wisdom [81]. According to Ackoff [2], data consist of symbols
that represent the properties of objects, events, and their environments; they
are raw and lack inherent meaning or utility until they are processed. Informa-
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Figure 2.1: DIKW Pyramid

tion emerges when data are processed to become useful, providing answers to
who, what, where, and when questions through description and contextualisa-
tion. Knowledge is the application of data and information to achieve efficiency,
answering “how-to” questions by transforming sources or processes towards de-
sired outcomes. Finally, wisdom involves evaluated understanding, focusing on
increasing effectiveness by addressing “why” questions; it is an extrapolative,
non-deterministic process that integrates prior levels to apply insights in novel
contexts with ethical and long-term considerations.

The DIKW hierarchy models the progression of cognitive value in systems
thinking, with direct implications for Computer Science, Information Science,
and Artificial Intelligence (AI) [172]. In those domains, data are raw sym-
bols representing object properties (e.g., sensor readings stored in databases).
Information emerges from processed data, providing descriptive utility (e.g., ag-
gregated stats in queries). Knowledge involves applying instructions to achieve
efficiency (e.g., algorithms that transform information into decisions). Wis-
dom adds evaluative judgment regarding effectiveness, incorporating values and
ethics (e.g., AI systems that assess long-term impacts).

In our research, this framework guides the handling of diverse data sources,
promoting scalable systems that convert raw data into actionable knowledge
for academic and enterprise contexts.

2.2 Challenges of Big Data

Big Data refer to extensive, intricate, and heterogeneous datasets that contin-
uously expand in size and diversity. These datasets originate from sources such
as sensor data, IoT devices, social media, transactional records, geographical
location information, and public databases, posing challenges for traditional
processing and analytical techniques [125, 201]. Various studies have conven-
tionally characterised Big Data by Gartner’s 3 V’s [144]— volume, velocity,
and variety — expanded to 5 V’s [221] with veracity and value, and further
extended to 7 V’s [89] with visualisation and variability, with claims of up to
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51 V’s [131].

We focus particularly on the efficient management of geospatial data in Ge-
ographic Information System (GIS) [88], which requires understanding Earth
as an integrated system and necessitates examining a wide range of phenom-
ena. The massive utilisation of geo-referenced datasets across various scientific
and industrial domains, such as Earth Observation [217], environmental sci-
ences [134], urban planning [10], building information modelling (BIM) [114],
real-time processing [84], and geospatial data analytics [231], renders geospatial
data management an increasingly pivotal component in modern big data pro-
cessing [118]. Recent methodologies employ open data platforms and contain-
ers to efficiently manage geospatial raster and vector data. However, geospatial
data management entails the laborious task of integrating data from diverse
sources [44].

Geospatial data are typically categorised into two fundamental structures:
vector data and raster data. Vector data employs points, lines, polygons, and
their combinations, originating from Euclidean geometry, to represent geo-
graphical features, facilitating the precise delineation of location, length, area,
and other attributes of geographical entities. In contrast, raster data is organ-
ised into uniform grids, with each grid cell assigned at least one attribute value
to represent continuous geographical phenomena within a spatial extent [120].
The challenges of geospatial big data are amplified in case of integration of
raster and vector data, as they both present unique hurdles due to their scale,
heterogeneity and complexity. This fits perfectly with the five Vs of big data,
i.e., volume, velocity, veracity, variety, and value and our research’s primary
goal. For instance, the exponential growth of geospatial raster data, driven by
advancements in data acquisition technologies and high-precision simulations,
has led to datasets reaching petabyte scale [186]. The Landsat archive alone
holds over five million raster images comprising 5 PB, and NASA is projected
to host approximately 350 PB of climate data by 2030 [118]. This immense
volume poses grand challenges for efficient data management solutions that
can handle massive, multi-dimensional raster arrays without significant perfor-
mance degradation.

In terms of velocity, geospatial data generation is rapid and continuous.
Satellites produce several terabytes of raster data daily, and the archived vol-
ume is expected to reach the zettabyte scale soon [205]. Vector data, such
as trajectories from GPS-equipped devices like smartphones, also contribute
to this data explosion, necessitating real-time processing to manage stream-
ing sensor and IoT data. Variety in geospatial big data arises from diverse
formats, coordinate systems, resolutions, and sources. Integrating these het-
erogeneous sources is cumbersome, as coordinate transformations and align-
ment are required for accurate spatial queries [118]. For example, combining
raster elevation data with vector building models in BIM/GIS integration re-
quires handling diverse data models, which poses challenges for data fusion
and analysis [44]. Veracity concerns the quality and reliability of geospatial
data. Issues such as sensor inaccuracies, incomplete datasets, or errors in data
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conversion between raster and vector formats can introduce uncertainties [118].
Traditional relational databases are ill-suited for managing multi-dimensional
geospatial data, prompting the use of array databases [118].

2.3 Types of Big Data

Different types of big data sources fall under three major categories: struc-
tured, semi-structured and unstructured data. Representation of all these types
requires different data structures, data models, databases and ultimately dif-
ferent database management systems (DBMS) to manage and query this data
adequately. In this dissertation, we are concerned with three types of data:
structured data (i.e., relational tabular data), semi-structured data (i.e., RDF
triples, JSON, and XML), and unstructured data (e.g., multi-dimensional ar-
rays and raster data). Let’s begin with the classic relational model, which has
been a dominant data structure in data-driven enterprises for many years.

2.3.1 Relational Data

Relational data are represented as a collection of two-dimensional tables, or
relations, each consisting of rows (or records or tuples) and columns (or at-
tributes), organised under a schema that serves as a blueprint for the database.
A relational database schema is a finite set S = {r1/n1, . . . , rk/nk} of relation
schemas, where each ri is a predicate name of arity ni. A database instance
D over S maps each predicate r/n in S to an n-ary relation, denoted rD. An
atom for r/n has the form r(t1, . . . , tn), or simply r(t), where each tj is a term,
which can be a constant from NI or a variable. If all tj ’s are constants, the
atom is called ground, or simply a tuple. A first-order logic (FOL) formula
over a relational schema S is constructed by using the relation names in S, the
equality predicate =, and the constants in NI . A formula ϕ with free variables
x is denoted ϕ(x), and is also called a (relational) query with answer variables
x. The formula is closed when x is empty. The closed formula obtained from
ϕ(x ) by replacing every variable in x by the corresponding constant c is de-
noted ϕ(c). For an instance D over S, we use D |= ϕ(c) to denote that ϕ(c)
holds in D. For a closed formula ϕ and a set Σ of closed formulae over S, we
use Σ |= ϕ to indicate that ϕ is implied by Σ, i.e., ϕ holds in all instances in
which all formulae of Σ hold.

A conjunctive query (CQ) Q(x ) over the schema S is a query defined by
a formula of the form ∃y .ϕ(x , y), where ϕ = r1(t1) ∧ · · · ∧ rn(tn) is a con-
junction of atomic formulae whose variables belong to x ∪ y. The variables y
are called existential variables. We also express such a CQ as a logical rule
of the form Q(x ) ← r1(t1), . . . , rn(tn), where Q(x ) is called the head and
r1(t1), . . . , rn(tn) the body of the rule. A union of conjunctive queries (UCQ)
is a finite disjunction of CQs with the same answer variables, also represented
as a finite set of rules with the same head.
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OGC
Geometry

Type

Region
Geometry
Illustration

Exterior &
interior

boundaries

OGC WKT Literal
Representation
 (i.e. regionWkt)

Description

Point NA POINT (x, y) A WKT point (e.g. pin location)

LineString NA
LINESTRING(POINT01,POINT02,.....

..,POINTm )

A  LineString with at least two or
more points

(e.g., road network)

LinearRing exterior = 1
interior = 0

LINEARRING ( POINT01,POINT02,....
.....,POINTn , POINT01)

An enclosed LineString
 where start point = end point with

zero measurable area 

Polygon exterior = 1
interior = 2

POLYGON ((LINEARRING01),

[(LINEARRING)]*)

A LinearRing with a valid
measurable area with zero or more

holes or interiors 
(e.g., countries, lake within forest)

Multi-
Polygon

exterior = 3
interior = 3

MULTIPOLYGON (((POLYGON01),

 [(POLYGON)]*))

Collection of two or more
Polygons with zero or more

interiors or holes 
(e.g.,  scattered islands, enclaves) 

Geometry-
Collection

exterior = 4
interior = 2

GEOMETRYCOLLECTION([POINT*],
[LINEARSTRING*], [POLYGON*],

[MULTIPOLYGON*])

Heterogeneous collection of every
OGC standard geometries

Figure 2.2: Elements of vector data in their respective OGC WKT forms

Relational Database Management System (RDBMS) have been the domi-
nant DBMS for the storage, retrieval, and management of relational data since
their inception by E.F. Codd (1970) [59].

2.3.2 Vector Data

Vector data or geometrical relational data represent the spatial characteristics
of discrete real-world phenomena, with each phenomenon modelled as a fea-
ture in accordance with the ISO 19123 Geographic Inf. Part 1: Fundamentals
standard1. Typical examples of such discrete features are rivers, lakes, and ad-
ministrative regions. These are represented by a set of one or more geometric
primitives, such as points, curves, and surfaces with their positional attributes
either in Cartesian coordinates (X and Y ) in a topological planar surface or
geographic coordinates (longitude a.k.a. geoX and latitude a.k.a. geoY ) with
additional feature attributes.

We consider vector geometries that conform to the OGC ISO 19125
OpenGIS Standard2, which foresees Well-Known Text (WKT) literals3 as the
most common representation of geometries. According to this standard, a Point
is a pair of longitude and latitude (which in the WKT representation are sep-
arated by blanks). In contrast, a LineString is a sequence of points separated
by ’,’. A valid Polygon is a topologically closed planar surface defined by one

1https://www.iso.org/obp/ui/en/#iso:std:iso:19123:-1:ed-1:v1:en
2https://www.ogc.org/standard/sfa/
3https://docs.ogc.org/is/18-010r7/18-010r7.html
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Figure 2.3: GeoSPARQL ontology (simplified UML representation)

exterior boundary and zero or more interior boundaries (where each interior
boundary defines a hole in the polygon). Each boundary is a LinearRing, which
is a LineString in which the last point must coincide with the first point. A
MultiPolygon is a collection of one or more valid polygons, separated by ’,’.
Finally, a GeometryCollection is a sequence of one or more of the previously
introduced elements. Figure 2.2 illustrates some of the elemental geometries
of an arbitrary region of vector data with their representation as OGC WKT
literals (i.e., regionWkt) with examples. All geometries in OGC ISO 19125 are
a combination of these elemental geometries. Part 2: SQL option of the OGC
ISO 191254 defines an implementation in the relational query language SQL of
geometric data types and a set of geometric predicates as SQL functions. Vec-
tor data are represented in popular file formats5 such as .csv, ESRI shapefiles
(.shp) [76], .geojson [50], .geopackage or can be connected to RDBMS such
as PostgreSQL, OracleDB, etc. through spatial extensions such as PostGIS,
Oracle Spatial, etc.

Note that, in the GIS community, a prevalent ambiguity exists over the
sequence of latitude and longitude, as it is often unclear which coordinate is
designated as the first and which as the second [38]. This confusion is fur-
ther emphasised by the two most popular, widely used coordinate reference
systems (CRSs) that refer to the World Geodetic System 1984 (WGS84), such
as CRS:846 and EPSG:43267. CRS:84 uses the coordinate order (longitude,
latitude), the default CRS for Open Geospatial Consortium (OGC) standards
such as WKT literals, GeoJSON, PostGIS, etc., whereas EPSG:4326 uses the
coordinate order (latitude, longitude) based on the Earth’s centre of mass, used
by the Global Positioning System (GPS), Google Maps, or Leaflet Maps [38].
We consider both variants in our study, although the first is more prevalent.

The OGC approved GeoSPARQL standard introduces spatial data exten-
sions to the Semantic Web. GeoSPARQL’s vocabularies and definitions are
contained in an ontology as shown in Figure 2.3, which describes vector data
and their properties. In the rest of this thesis, the GeoSPARQL ontology8

entities will be referred to using the prefix geo:. Figure 2.3 depicts a main

4https://www.ogc.org/standard/sfs/
5https://gdal.org/en/stable/drivers/vector/index.html
6https://www.opengis.net/def/crs/OGC/1.3/CRS84
7https://epsg.io/4326
8https://opengeospatial.github.io/ogc-geosparql/geosparql11/geo.ttl
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class geo:SpatialObject, which has two disjoint sub-classes geo:Feature and
geo:Geometry and is linked by the object property geo:hasGeometry. The
first represents a real-world entity, whereas the latter represents all geometric
forms defined in a spatial coordinate reference system [176]. geo:Geometry

instances can have various data properties. The most important one concerns
the data themselves, provided in serialised form. All serialisation data proper-
ties are sub-properties of geo:hasSerialization, and the predefined ones are
geo:asWKT and geo:asGML. Other datatype properties are dimension (topo-
logical dimension), geo:spatialDimension (dimension of the spatial portion
of the direct positions), geo:coordinateDimension (dimension of direct po-
sitions), geo:isEmpty (has no points), and geo:isSimple (contains no self-
intersections except its boundary). GeoSPARQL defines object properties for
topological relations whose domain and range are both geo:SpatialObject.

In the next subsection, we will describe the publicly available vector data
sources that are considered in this thesis. In general, our proposed method will
work with any OGC-approved vector data sources.

2.3.2.1 Global Administrative Areas (GADM)

The Global Administrative Areas (GADM) v4.19 dataset contains map data
on the administrative areas of all countries, at all levels of subdivision, at high
spatial resolution, and includes an extensive set of attributes. Another open-
source public dataset, geoBoundaries [195], provides a comprehensive collection
of detailed geographic boundaries of subnational units—such as states and
counties—encoded using ISO 3166 -1 alpha-310 standards and unique identifiers
for every country worldwide. It supports up to five levels of administrative
hierarchy and includes 351,819 individual shapes.

2.3.2.2 OpenStreetMap (OSM)

OpenStreetMap11 (OSM) [98] represents a massive public repository of volun-
teered geographic information (VGI) [90] gathered through collaborative efforts
worldwide. The OSM dataset provides geographic map objects and physi-
cal ground features (e.g., roads, buildings, tourist attractions) using tags12,
which are key, value pairs. For instance, ”Hospital is a building” is implied as
tag: key="building", value="hospital" in OSM terminology. However,
this may not reflect a building’s current usage; for example, an abandoned hos-
pital or one repurposed for another use is still building=hospital, whereas
active hospitals are marked with amenity=hospital. Tags are also attached
with additional entities, which are encoded as nodes (spatially represented by
points of interest or centroids), ways (ordered lists of points connected by lines)
and relations (consisting, e.g. of a collection of ways, forming a polygon).

9https://gadm.org/data.html
10https://www.iso.org/iso-3166-country-codes.html
11https://wiki.openstreetmap.org/wiki/Main_Page
12https://wiki.openstreetmap.org/wiki/Tags
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(a) OSM Buildings Munich (310 km2) (b) Density 5000+ buildings in 10.8 km²

(c) OSM ID 62428 of Munich as visualised in OpenStreetMap web interface

Figure 2.4: OpenStreetMap Data

This thesis is concerned with OSM building 2D footprint data13 (polygon)
as displayed in Figure 2.4b for the running example AOI Munich (OSM ID
6242814 as shown in Figure 2.4c). It can be extended to any arbitrary AOI,
depending on the use case. Apart from buildings, other OSM features such as
amenity, tourism, sport as described in the map features15 can also be used.

OSM data for any geographic area worldwide is available at http://

planet.openstreetmap.org/ in several formats, e.g., a compressed XML file,
a custom PBF file and a shapefile. A utility osm2pgsql16 imports OSM data into
a PostGIS database. The OpenStreetMap community developed two notable
command-line tools, i.e., Osmosis17 and Osmium18 to download and manip-
ulate OSM data. Another notable open-source project is OSMnx [43], which
provides a Python package for extracting, modelling, analysing, and visualising
geospatial features from OSM data across various disciplines, including urban
network planning, transport engineering, and computer science. As of March 4,
2026, the global dataset19 contains approximately 10.3 billion nodes, 1.1 billion
ways, and 14 million relations.

13https://wiki.openstreetmap.org/wiki/Key:building
14https://www.openstreetmap.org/relation/62428#map=11/48.1397/11.5380
15https://wiki.openstreetmap.org/wiki/Map_features
16https://osm2pgsql.org/
17https://wiki.openstreetmap.org/wiki/Osmosis
18https://osmcode.org/
19https://planet.openstreetmap.org/statistics/data_stats.html
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The LinkedGeoData (LGD) ontology20 [211] conceptualises the semantics
of a vast collection of OSM data . At its core, LinkedGeoData converts OSM’s
primitive objects nodes, ways, and relations—together with their open tag-
value annotations into RDF following a lightweight but expressive RDFS/OWL
ontology automatically derived from the OSM tag ecosystem. The prefix lgdo:

prefix will be used to refer to the LinkedGeoData ontology entities in this thesis.
LinkedGeoData Ontology dynamically generates classes and properties from
the most frequent OSM key-value pairs (e.g., lgdo:Bakery, lgdo:Motorway,

lgdo:School), balancing semantic precision with the organic, community-
driven nature of OSM tagging practices. The ontology has evolved considerably
since 2009: URIs are now human-readable (camel-case), literals are correctly
typed and language-tagged, geometries are serialised as WKT literals, and com-
prehensive class hierarchies are maintained through statistical analysis of tag
co-occurrence.

2.3.2.3 CityGML

The OGC CityGML standard provides a comprehensive information model and
encoding for the storage, exchange, and representation of 3D urban objects,
integrating both geometric and semantic properties of features such as build-
ings, transportation infrastructure, vegetation, water bodies, and terrain [93,
140]. By combining thematic attributes (e.g., building function, roof type,
construction material) with topology and geometry, CityGML supports ad-
vanced spatial and semantic queries for applications including urban planning,
disaster management, energy simulation, and population analysis [138]. How-
ever, its full analytical potential remains underexploited because the primary
GML/XML encoding is optimised for data exchange rather than for efficient
querying or seamless integration with Semantic Web technologies [93].

A central feature of CityGML is its multiple Levels of Detail (LoDs)21,
which allow the same objects to be represented with increasing geometric accu-
racy and semantic richness [93]. CityGML 2.0 defines five LoDs (LoD0–LoD4),
ranging from regional footprints (LoD0) to architecturally detailed models with
interiors (LoD4), as shown in Figure 2.5c. Recently, Zhu et al. [243] introduced
GlobalBuildingAtlas, which provides approximately 2.75 billion 3D buildings
for the whole world. Although highly useful, the original LoD specification has
been criticised for geometric and semantic ambiguities that cause implementa-
tion inconsistencies and interoperability problems [37]. Biljecki et al. [37] ad-
dressed this by proposing a refined framework with 16 discrete LoDs22 focused
on exterior building shells, which provides stricter criteria and significantly
reduces modelling ambiguity.

CityGML datasets are typically managed in relational databases via 3DC-
ityDB, which maps the hierarchical CityGML structure to relational tables

20https://linkedgeodata.org/ontology/
21https://docs.ogc.org/guides/20-066.html#overview-section-levelsofdetail
22https://filipbiljecki.com/phd
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(a) CityGML 3D Buildings of Munich (b) 5000+ buildings within 10.8 km² area

(c) Five Levels of Detail (LoDs) of CityGML [37]

Figure 2.5: CityGML Data

and enables SQL-based access and spatial indexing [236]. Despite its effec-
tiveness for large-scale storage and visualisation, the relational schema flat-
tens CityGML’s rich semantic hierarchy (e.g., part–whole relationships be-
tween buildings and their components), making ad-hoc analytical and thematic
queries difficult to formulate [69, 173].

Integration with the semantic web is further hindered by CityGML’s deeply
nested GML/XML schema, which complicates transformation into lightweight,
graph-oriented RDF/OWL representations required for reasoning and linked
data [173, 138, 115]. CityJSON [150], adopted as an OGC standard in 2021,
offers a compact JSON encoding that reduces file size by factors of 5–6 while
preserving core CityGML 2.0 semantics, greatly simplifying parsing and web-
based processing. Ongoing developments align CityJSON with CityGML 3.0’s
enhanced conceptual model, including dynamic features and improved coverage
of non-building themes [140].

Ontology-based approaches [119] overcome the semantic gap between the
conceptual model and storage by transforming CityGML data into RDF triples
via formal OWL ontologies. Especially some recent studies [104, 67, 69] which
rely on VKGs to enable expressive SPARQL querying and reasoning without
full data materialisation, yet CityGML–raster integration and query answering
remain under-explored. The CityGML ontology is described in Figure 2.6 and
the prefix bldg: will be used to refer to the CityGML ontology entities in this
thesis.
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Figure 2.6: CityGML Building ontology (simplified UML representation)

2.3.2.4 Other Data

Our proposed methodology can also be extended to work with other popular
vector datasets such as Natural Earth [130], Global Building Atlas (GBA) [242],
World Database on Protected Areas (WDPA) [39], WorldPop 2020 [230] and
the Global Human Settlement Layer (GHSL) [80].

2.3.3 Raster Data

Raster data, also referred to as images [197], gridded data [28], multidimen-
sional discrete data (MDD)[22], or datacubes [137], represent real-world phe-
nomena that vary continuously over space, time, and maybe even more di-
mensions, depending on the particular domain of interest, such as computer
graphics, medical, astronomy, geospatial, etc.

Here, we present a few examples of raster data to illustrate its versatility in
capturing dense, multidimensional phenomena that are challenging to model
in other formats. In medical imaging, 3D x/y/t time series raster images
from CT scans and fMRI are represented in grids of voxel [196]. Astronomy
utilises raster data for telescope observations, such as radio signals, which form
4D arrays x/y/z/t that model celestial phenomena [196]. In engineering and
business analytics, raster-like structures appear in simulation outputs, such as
fluid dynamics models or statistical aggregates in data cubes [212] for sales
forecasting [116]. In the geospatial domain, satellite imageries are stored as
a 2D or 3D grid to capture land cover, vegetation indices, or atmospheric
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conditions [217]. Additionally, hyperspectral imaging in botany and agriculture
employs raster data to analyse plant health by examining spectral signatures
across hundreds of wavelength bands, for the detection of stress or nutrient
deficiencies [166].

2.3.3.1 Data Structure - Arrays

Raster data is natively represented by arrays, which are essential data struc-
tures in computer science that consist of collections of uniformly typed vari-
ables [159]. Elements of an array can be accessed by indices (integers) that are
directly translated to memory addresses. However, many programming lan-
guages support associative arrays with arbitrary index data types. Multidimen-
sional Arrays (MDAs) extend the array concept to higher dimensions, forming
a grid-like structure that captures relationships across multiple axes [196].

A multidimensional array AMDA with N dimensions and M attributes
a.k.a. a N -dimensional array is defined by a set d = {d1, d2, . . . , dN} of di-
mensions and a set a = {a1, a2, . . . , aM} of attributes. Every dimension di,
i ∈ {1, 2, ..., N} is a finite ordered set over a discrete domain [lbi, ubi] that
contains the integers between lower bound lbi and upper bound ubi . Every
combination of dimension indices [i1, i2, . . . , iN ], defines a cell, also known as
pixel [197]. Cells have the same scalar type (e.g., integers or floats), given by
the set a of attributes. Dimensions and attributes define the schema of the ar-
ray. Based on these concepts, an array can be thought of as a function defined
over dimensions and returning attribute tuples as values:

Array : [d1, d2, . . . , dN ] 7→ ⟨a1, a2, . . . , aM ⟩

This formalisation aligns with the notion of N -ordered (or dimensional) ten-
sors [136], which differ from multidimensional vectors, which do not distinguish
between dimensions and attributes. The functional formalisation of arrays also
makes explicit the functional dependency between dimensions and attributes
specific to the relational data model [59], in which the N dimensions form a
key of the corresponding relation.

2.3.3.2 Mathematical Formulation of Raster Data

Consider a generic raster R as a function mapping a discrete domain D in ZN

(for an N -dimensional space) to a range of cell values from type T (e.g., real
numbers R or integers Z):

R : D → T

Here, D denotes the grid domain, defined as the Cartesian product of extents
along each dimension di (for i = 1, . . . , N).

In the geospatial domain, most raster data representations use two-
dimensional (2D) arrays, where the domain is given by D = [lbx : ubx]× [lby :
uby], which map either to geographic coordinates (ϕ, λ) with a known datum
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or to projected coordinates (x, y) in a known coordinate reference system [159].
Higher-dimensional geospatial rasters naturally extend this: a 3D raster might
include time (t), yielding D = [lbx : ubx] × [lby : uby] × [lbt : ubt] for time-
series imagery, while 4D or ND forms incorporate additional axes like depth
(z) or spectral wavelength (λ) [196]. Irregular grids or non-uniform resolu-
tions require auxiliary mappings, and nodata values can denote invalid cells.
This formulation underscores raster data’s versatility as MDAs, bridging dense
grids to analytical data cubes, though practical implementations must address
discretisation artefacts and semantic ambiguities to ensure robust scientific ap-
plication [159, 196].

2.3.3.3 Geo Raster Data

(a) EO Raster (ND) (b) Coordinates (c) A Raster Layer (d) Cell per Time

Figure 2.7: Four Different AOIs

This thesis focuses on geospatial raster data, or Earth Observation (EO) data-
cubes (Figure 2.7), a quintessential example of big raster data, representing
Earth-surface phenomena through gridded cells georeferenced to coordinate
systems [152]. Geospatial raster data is also referred to as gridded coverage ac-
cording to the OGC Coverage Implementation Schema (CIS) standard [27], as
adopted by ISO 19123 Geographic information - Schema for coverage geometry
and functions. According to Part 2 of this ISO standard23, the concept of cover-
age represents multi-dimensional grids of both regular and irregular type as the
natural representation of various space-time-varying phenomena predominantly
in the geospatial domain. Geospatial raster data can be encoded in different
raster file formats24, such as NetCDF25, GeoTIFF26, HDF527, GeoZarr28 etc.,
which can be accessed ad hoc via Python, R, or MATLAB scripts. Geospatial
raster data contribute considerably to the complexities of big data, addressing
the ”four Vs”: volume (petabytes from continuous satellite streams), velocity
(real-time ingestion from sensors), variety (heterogeneous formats), and ve-
racity (noise from sensor interference) [28]. Their integration with metadata

23https://www.iso.org/obp/ui/en/#iso:std:70948:en
24https://gdal.org/en/stable/drivers/raster/index.html
25https://www.unidata.ucar.edu/software/netcdf/
26https://www.ogc.org/publications/standard/geotiff/
27https://gdal.org/en/latest/drivers/raster/hdf5.html
28https://zarr.dev/geozarr-spec/documents/standard/template/geozarr-spec.html
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(e.g., projections, provenance) adds semantic layers, amplifying challenges in
big data management ecosystems [7].

In raster data, the terms layers and bands describe two distinct ways of
organising multiple raster datasets within a single gridded dataset. While of-
ten used interchangeably in casual contexts, they carry specific semantic and
structural meanings in scientific data management.

Layers refer to a stack of multiple related rasters sharing similar spatial and
temporal dimensions, such as time-series stacks or the x/y/z axes in climate
models, with each layer capturing a specific temporal snapshot [116]. Bands,
in contrast, denote multiple colour channels within an individual raster, typi-
cally corresponding to various spectral ranges or attributes; examples include
the three bands (red, green, blue) in RGB images or hundreds of bands in
hyperspectral data for precise material identification [166].

These features support efficient array operations, such as slicing (extract-
ing raster subsets or portion of raster data, along dimensions) and aggregation
(e.g., averaging across bands). Yet, they pose storage and computational dif-
ficulties due to the substantial volume and density of the data [217]. Conse-
quently, raster data offers strong scalability for analytics but requires tailored
approaches to address memory and processing demands. Some of the popular
EO raster datacubes are the following: OpenEO datacube29 [182], Australian
datacube [153], and Swiss datacube [57].

2.3.3.4 Array DBMS and Query Processing

Querying raster data encompasses operations such as induction (e.g., cell-wise
arithmetic), slicing, sub-setting, and aggregation (e.g., summing across dimen-
sions) [22]. Standards such as SQL/MDA (Multidimensional Arrays) [167,
168] extend SQL with array constructors and operators, and OGC WCPS pro-
vides domain-specific languages for coverage queries, supporting filtering and
re-projection of geospatial rasters [28]. Array Database Management Systems
(ArrayDBMS) such as RasDaMan [23], SciDB [48], etc., extend beyond tra-
ditional DBMS to natively support multidimensional arrays, enabling efficient
storage, indexing, and query answering. In array DBMSs, queries are optimised
through algebraic rewriting and partitioning, ensuring efficient execution on
large arrays [196].

One of the earliest works, Tan et al. [217] proposed a multidimensional ar-
ray model to ingest EO data in common data formats, e.g., NetCDF, HDF,
GeoTIFF, to the array DBMS, i.e., SciDB [48] and demonstrated a forest
fire simulation. Gao et al. [83] introduced in 2022 GeoCube, a physical
spatial-temporal data cube infrastructure designed for large-scale management
of multi-source EO raster and vector data under the Open Geospatial En-
gine (OGE) framework [237, 239]. GeoCube ingest heterogeneous raster data
(MODIS, Sentinel-2, CMIP6 climate models, etc.) and vector data into an
array DBMS, i.e., RasDaMan, supplemented by Zarr [169] for cloud-native

29https://openeo.org/documentation/1.0/datacubes.html#what-are-datacubes
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compatibility and xarray [116] for in-memory manipulation. However, the ma-
terialised nature of GeoCube introduces data duplication and update over-
head.

However, challenges emerge when data volumes become very large (e.g.,
terabytes), making it difficult to query the required information [217]. More-
over, when dealing with gridded coverages or raster data, one must also include
related metadata such as domain, range, and provenance information. In con-
trast to arrays, the structure of this metadata is substantially less regular and
may be incomplete or vary across arrays. In our research, we rely on Raster
Data Manager (RasDaMan), a domain-agnostic array DBMS that implements
OGC standards to manage extensive multidimensional raster data or gridded
coverages through rich array algebra (cf. Section 4.3.2).

2.3.4 Linked Data

Linked Data [41, 40, 107] refers to a set of best practices for technically pub-
lishing and connecting structured data on the web based on the four basic
principles30 [108] of the Semantic Web as mentioned below:

1. URIs should be used to denote things.

2. HTTP URIs should be used so that these things can be referred to and
dereferenced (looked up) by human users and software agents.

3. W3C standards such as RDF and Web Ontology Language (OWL) should
be used, so that valuable information can be provided when looking up
the URIs.

4. Data should be interlinked using URIs to create a densely interconnected
graph of knowledge (e.g., Linked Open Data cloud31) to infer further
knowledge.

These data are categorised as Linked Open Data (LOD) [91] when they
are publicly available, accessible online, and subject to an open license. To
publish linked data, it is essential to establish connections from the instances
of a source to external data utilising background knowledge (e.g., linking DB-
pedia to Wikipedia), standardised identifiers (e.g., ISBN numbers), or pattern
recognition (e.g., names, latitude, longitude, and other data used to connect
GeoNames to DBpedia) [181]. The majority of Linked Data is produced au-
tomatically by transforming existing structured data sources, often relational
databases, into RDF, utilising an ontology that closely aligns with the original
data source. The links in the Web of Linked Data make the Semantic Web
navigable and, in addition, augment knowledge by integrating data from one
source with information from other sources. A prevalent method for linking

30https://www.w3.org/DesignIssues/LinkedData.html
31https://lod-cloud.net
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data on the Web is to use owl:sameAs, which represents identity links [100].
Instead of reusing existing URIs, new URIs are often automatically generated
when publishing linked data. The owl:sameAs link is then employed to assert
that two distinct URI references denote the same real-world entity.

2.3.4.1 DBpedia

DBpedia32 [13] is a popular linked data source covering an extensive range of
topics which are extracted from Wikipedia. It is also the centre point of the
Linked Open Data Cloud [149]. The current version describes approximately
4.5 million things, including 1.4 million persons and 730,000 places, which are
mutually interlinked. It is connected to other linked data sources, including
Freebase and GeoNames, via approximately 50 million links.

2.3.4.2 LinkedGeoData

LinkedGeoData (LGD33) [14, 211] is one of the most ambitious and enduring
contributions to represent geospatial data sources (typically vector geometries)
to the Semantic Web. It transforms the collaboratively curated OSM dataset
(cf. 2.3.2.2) into a queryable RDF knowledge base (classes and properties),
adhering to the four basic principles [108] of linked data. LinkedGeoData has
effectively added a spatial dimension to the LOD cloud.

2.3.4.3 GeoNames

People typically use names rather than coordinates to designate geographic
features [223]. Consequently, to implement query processing utilising geo-
graphic names rather than coordinates, it is essential to identify the precise
geographic feature represented by a name through an ontology and its cor-
responding database. The GeoNames [229] geographical database contains
over 12 million unique geographical point features, along with their 25 million
names, including alternate and translated names (16 million), population data,
time zones, and associated geo-coordinates (latitude/longitude in WGS84 34),
collected from 400+ different data sources35. A typical entry in the database is
an instance of type Feature and has a Feature Class (administrative divisions,
populated places, etc.), a Feature Code (subcategories of Feature Class). All
features are categorised into one of 9 feature categories, i.e., A, H, L, P, R,

S, T, U, V and further subcategorised into one of 680 feature codes36 as shown
in Table 2.1. Listing 2.1 depicts the RDF data of Munich37 in the GeoNames
database, where it is depicted by a feature code P.PPLA which signifies class

32http://wiki.dbpedia.org/
33http://linkedgeodata.org/
34https://www.w3.org/2003/01/geo/
35https://www.geonames.org/datasources/
36https://www.geonames.org/export/codes.html
37https://www.geonames.org/2867714/munich.html

26

http://wiki.dbpedia.org/
http://linkedgeodata.org/
https://www.w3.org/2003/01/geo/
https://www.geonames.org/datasources/
https://www.geonames.org/export/codes.html
https://www.geonames.org/2867714/munich.html


Table 2.1: GeoNames Feature Classes hierarchy and Feature Codes. [215]

# Feature Class Feature Codes (fClass.fCode)

1 Administrative Region (A) A.ADM1 (admin region 1), A.TERR (territory), A.ZN (Zone). . .
2 Hydrographic (H) H.AIRS, H.ANCH, H.BAY, H.BGHT, H.BNK, . . .
3 Locality (L) L.AGRC, L.AMUS, L.AREA, L.BSND, L.BSNP, L.BTL, L.CLG . . .
4 Populated Place (P) P.PPL, P.PPLA, P.PPLAZ, P.PPLA3, P.PPLA4, P.PPLC,. . .
5 Road (R) R.PTGE, R.RD, R.RDA, R.RDB, R.RDCUT, R.RDJCT. . .
6 Spot (S) S.ADMF, S.AGRF, S.AIRB, S.AIRF, S.AIRP, S.AIRQ . . .
7 Hypsographic (T) T.ASPH, T.ATOL, T.BAR, T.BCH, T.BCHS, T.BDLD,. . .
8 Undersea (U) U.APNU, U.ARCU, U.ARRU, U.BDLU, U.BKSU, U.BNKU. . .
9 Vegetation (V) V.BUSH, V.CULT, V.FRST, V.FRSTF, V.GRSLD, V.GRVC. . .

P for populated place and PPLA signifies ”seat of a first-order administrative
division”.

Listing 2.1: A snippet of the GeoNames description of Munich in RDF/XML.

1 <rdf:RDF>
2 <gn:Feature rdf:about="https://sws.geonames.org/2867714/">
3 <rdfs:isDefinedBy
4 rdf:resource="https://sws.geonames.org/2867714/about.rdf"/>
5 <gn:name>Munich</gn:name>
6 <gn:officialName xml:lang="de">München</gn:officialName>
7 <gn:alternateName>München</gn:alternateName>
8 <gn:alternateName xml:lang="no">München</gn:alternateName>
9 <gn:alternateName xml:lang="sv">München</gn:alternateName>

10 <gn:alternateName xml:lang="en">Munich</gn:alternateName>
11 <gn:alternateName xml:lang="fr">Munich</gn:alternateName>
12 <gn:alternateName xml:lang="it">Monaco di Baviera</gn:alternateName>
13
14 <gn:featureClass rdf:resource="https://www.geonames.org/ontology#P"/>
15 <gn:featureCode rdf:resource="https://www.geonames.org/ontology#P.PPLA"/>
16 <gn:countryCode>DE</gn:countryCode>
17 <gn:population>1260391</gn:population>
18 <gn:postalCode>80331</gn:postalCode>
19 <wgs84_pos:lat>48.13743</wgs84_pos:lat>
20 <wgs84_pos:long>11.57549</wgs84_pos:long>
21 <gn:parentFeature rdf:resource="https://sws.geonames.org/6559171/"/>
22 <gn:parentCountry rdf:resource="https://sws.geonames.org/2921044/"/>
23 <gn:parentADM1 rdf:resource="https://sws.geonames.org/2951839/"/>
24 <gn:parentADM2 rdf:resource="https://sws.geonames.org/2861322/"/>
25 <gn:parentADM3 rdf:resource="https://sws.geonames.org/3220837/"/>
26 <gn:parentADM4 rdf:resource="https://sws.geonames.org/6559171/"/>
27 <gn:nearbyFeatures rdf:resource="https://sws.geonames.org/2867714/nearby.rdf"/>
28 <gn:locationMap rdf:resource="https://www.geonames.org/2867714/munich.html"/>
29 <gn:wikipediaArticle rdf:resource="https://en.wikipedia.org/wiki/Munich"/>
30 <rdfs:seeAlso rdf:resource="https://dbpedia.org/resource/Munich"/>
31 <gn:wikipediaArticle rdf:resource="https://ru.wikipedia.org/wiki/Munich"/>
32 </gn:Feature>
33
34 <foaf:Document rdf:about="https://sws.geonames.org/2867714/about.rdf">
35 <foaf:primaryTopic rdf:resource="https://sws.geonames.org/2867714/"/>
36 <cc:license rdf:resource="https://creativecommons.org/licenses/by/4.0/"/>
37 <cc:attributionURL rdf:resource="https://www.geonames.org"/>
38 <cc:attributionName>GeoNames</cc:attributionName>
39 <dcterms:created>2006-01-15</dcterms:created>
40 <dcterms:modified>2023-10-12</dcterms:modified>
41 </foaf:Document>
42 </rdf:RDF>

27



Feature
+ identifier

Name
+ fullName
+ shortName
+ englishName
+ languageCode
+ description

AdministrativeRegion (A)
+ featureClass
+ featureCode

Latitude Longitude

CoordinateComponent
+ degree
+ minute
+ second

Hydrographic (H)
+ featureClass
+ featureCode

Locality (L)
+ featureClass
+ featureCode

PopulatedPlace (P)
+ featureClass
+ featureCode

Road (R)
+ featureClass
+ featureCode

Spot (S)
+ featureClass
+ featureCode

Hypsographic (T)
+ featureClass
+ featureCode

Undersea (U)
+ featureClass
+ featureCode

Vegetation(V)
+ featureClass
+ featureCode

hasCoordinatehasName

Coordinate

hasLatitude hasLongitude

Figure 2.8: GeoNames ontology (simplified UML representation)

The semantics of all these geographic point features, along with classes and
codes, are described by a GeoNames ontology38 as shown in the Figure 2.8.
The main class of the ontology is Feature (or GeographicFeature) that has
several subclasses to differentiate between the different forms of geographic
features, such as AdministrativeRegions, which is a superclass of all countries
and political states, class PopulatedPlace holds all country capitals, cities and
villages, the class Hydrographic represents all water-related geographic features,
and the rest of the subclasses are listed in Table 2.1. Every point feature is
associated with a geographic coordinate, i.e., a pair of latitude and longitude
(in WGS84) based on W3C Basic Geo Vocabulary39] which is widely used by
GPS. The ontology also contains several properties, e.g., neighbours, nearby,
name, postalCode, and population [223], which are not visible in the Figure 2.8.
GeoNames ontology is also linked to other data sources, e.g., DBpedia and
LinkedGeoData by utilising FOAF40 and SKOS41 vocabularies. In the rest of
In the thesis, the gn: prefix refers to GeoNames ontology entities.

2.4 Data Integration

Data integration aims to unify disparate sources, enabling seamless access and
processing without altering underlying structures [203]. The proliferation of
diverse, voluminous, and heterogeneous data types in the above sections neces-
sitates querying them in an integrated manner to yield actionable insights, often
requiring deep domain knowledge of each data format and its metadata [151].
This becomes more challenging in a geospatial context because many real-world
applications must process ever-increasing large geospatial datasets (petabytes)
with associated metadata from diverse sources and in various formats and se-
mantics to perform complex location-based business analyses and informed
decision-making [95, 205].

38https://www.geonames.org/ontology/documentation.html
39https://www.w3.org/2003/01/geo/
40https://lov.linkeddata.es/dataset/lov/vocabs/foaf
41https://www.w3.org/TR/swbp-skos-core-spec/
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Geospatial data integration is particularly complex due to the dichotomy
between vector and raster models. Vector data represent discrete features,
such as points, lines, and polygons, whereas raster data use grid cells to rep-
resent continuous phenomena, such as satellite imagery [60]. Most research
addresses these independently, with limited focus on joint handling [205].
International standards such as the OGC Web Feature Service (WFS) [178]
for vectors, and the OGC Web Coverage Service (WCS 2.0) [177] for rasters
maintain this separation and lack unified query languages, data structures, or
algorithms for simultaneous processing. Popular GIS tools like ArcGIS [75] and
GRASS [171] convert vectors to rasters for operations like zonal statistics in
Map Algebra. This computes summary statistics (e.g., mean, sum) over raster
zones defined by vector polygons but incurs overhead from format conversion.
Brown et al. [48] propose a multidimensional array model that abstracts over
both data types and storage and operators, yet provides no implementation
details. Brisaboa et al. [46] introduce a framework that utilises R-tree data
structure for storing vector data and a compact data structure k2-acc [63] for
storing compressed raster data. It supports overlap queries with range con-
straints but fails to pinpoint exact raster cells; hence, it becomes inefficient
for rasters with many distinct values, as k2-acc requires a separate tree per
value, leading to space bloat and poor scalability [143]. To overcome this lim-
itation, the k2-raster data structure has been introduced, which compresses
and indexes rasters simultaneously for faster queries on clustered data [205].
Predominant vector-raster data integration methods convert one format to the
other: rasterising vectors for pixel-based joins or vectorising rasters into points
for vector joins. These suffice for low- to medium-resolution data but fail for
high-resolution satellite data, where the size scales quadratically [207]. Singla et
al. [208] propose the Raptor Join operator with a Flash Index, enabling in-situ
joins in native formats and outputting aligned pixel ranges for ad-hoc queries.
All these works align with our research questions but lack reproducible code
and clarity regarding interoperability with geospatial database functions for
downstream processing, particularly for raster data within the VKG paradigm.
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Chapter 3

Semantic Web Technology

Semantic Web technologies are widely acknowledged as a crucial element of
Web 3.0, the next-gen evolution of internet technology, which relies heavily on
AI and semantic technologies to manage vast amounts of data from diverse
sources. Envisioned by Tim Berners-Lee [33] in 2001, the Semantic Web (a.k.a
Web of Data) has become a World Wide Web Consortium (W3C) standard
for the representation and sharing of data available in the World Wide Web
(WWW) to enable machines to comprehend the semantics of the data [32].
These semantics allow intelligent machines to process, analyse and manipulate
web resources to accomplish complex tasks on behalf of humans.

Key challenges include handling distributed, inconsistent data under open-
world semantics, ensuring scalability for vast web knowledge, and integrating
heterogeneous formalisms [213]. Standardisation efforts mitigate fragmenta-
tion, but evolving content demands resilient systems. Applications span data
integration, where ontologies align disparate sources; semantic search, enhanc-
ing precision via Linked Data [41, 40]; and knowledge management, unifying
enterprise data. Overall, the Semantic Web facilitates intelligent applications,
from e-commerce to scientific collaboration, by leveraging formal knowledge
representation.

This thesis focuses on the semantic management of geospatial data. In
this context, interestingly, the initial example presented in Tim Berners Lee’s
groundbreaking article [33] pertains to geospatial data, which conceptualised
a semantic web agent capable of identifying local health-care providers within
a 20-mile radius of a residence by comprehending a user’s health coverage
plan [122].

3.1 Components

The Semantic Web architecture is built with several technological components
stacked together as proposed by Tim Berners-Lee [32, 115] and illustrated in
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Figure 3.1: Semantic Web Architecture

Figure 3.1. At the base of the stack, URIs and XML provide identification
and syntax. RDF forms the data model, representing statements as triples
(subject-predicate-object), with RDFS adding schema vocabulary for classes
and properties [45]. OWL builds on this for expressive ontologies, support-
ing DL-based reasoning, and SPARQL enables querying RDF data, while rule
languages like RIF/SWRL integrate logic programming [115]. Higher layers
include proof and trust mechanisms, though implementation focuses on lower
levels [32]. The following subsections describe the most relevant components
of the semantic web stack in a bottom-up approach.

3.1.1 URI/IRI

A Uniform Resource Identifier (URI) is a sequence of characters that univer-
sally and uniquely identifies a resource in web. It is a superset of Uniform
Resource Locator (URL) and Uniform Resource Name (URN). Whereas an
Internationalized Resource Identifier (IRI) is a generalised form of URI. The
difference between the two types of identifiers lies in the supported character
sets: URI encoding is limited to US-ASCII characters, while IRIs support the
Unicode character set (a superset of US-ASCII).

3.1.2 RDF

The Resource Description Framework (RDF) [163] is a W3C standard lan-
guage for processing metadata, providing a common semantic layer between
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heterogeneous web applications that need to exchange machine-understandable
information and/or automatically process one or more semantic web resources.

The RDF syntax is based on the following ideas, (1) everything can be
referenced using an IRI, (2) everything can be reused for describing the char-
acteristics of something else, and the fact that, (3) the language should have a
simple structure (low expressive power) suitable for describing any resource in
any possible situation.

The RDF data model consists of resources, values, and properties to con-
nect resources and values. The fundamental element for representing semantic
information in RDF is a triple, which describes a resource and consists of a
subject (representing the resource), a predicate (expressing the property), and
an object (indicating the value of the property). Listing 3.1 demonstrates a
simple RDF data model, which represents Alfred as a resource, asserts his role
as a student at TU Munich, specifies his residence in Munich, and captures his
place of birth from Stockholm, Sweden, using standard RDF triples.

Listing 3.1: RDF triples

1 ex:people/Alfred rdf:type rdfs:Resource.
2 dbp:ontology/Student rdf:type rdfs:Class.
3 ex:people/Alfred rdf:type dbp:ontology/Student.
4
5 dbp:ontology/university rdf:type rdf:Property.
6 ex:people/Alfred dbp:ontology/university dbp:resource/TU_Munich.
7
8 dbp:ontology/residence rdf:type rdf:Property.
9 ex:people/Alfred dbp:ontology/residence dbp:resource/Munich.

10
11 dbp:ontology/birthPlace rdf:type rdf:Property.
12 ex:people/Alfred dbp:ontology/birthPlace dbp:resource/Stockholm.
13
14 dbp:ontology/country rdf:type rdf:Property.
15 dbp:resource/Stockholm dbp:ontology/country dbp:resource/Sweden.

The key feature of Linked Data (cf. 2.3.4) is that an author of one data set
can link its objects to objects in another data set. In the above example 3.1, the
data publisher is using the domain example.org (ex) to describe Alfred, also
stating the corresponding birthplace, e.g., the city of Stockholm as an object
of another data publisher DBpedia (dbp).

A collection of one or more RDF triples is called an RDF graph, which
can be represented graphically as a set of nodes (resources or primitive types)
connected by edges (properties), and can be explored using semantic query, i.e.,
SPARQL. Figure 3.2 shows the RDF graph for the aforementioned example.

Data in RDF graphs are physically represented using the following seriali-
sations:

• N-Triples1: a simple triple-per-line format, suitable for large data files
for parallel processing,

1https://www.w3.org/TR/n-triples/

33

https://www.w3.org/TR/n-triples/


Figure 3.2: RDF Graph

• Turtle2: a superset of N-Triples, which is more compact and more
human-readable.

• Notation3 (N33): a superset of Turtle, going even beyond the RDF
model.

• JSON-LD4: a JSON-based format for Linked Data, capable of serialising
any RDF graph.

• RDF/XML5: a widely used XML syntax; see Listing 2.1 for an example.

3.1.3 RDFS

RDF Schema (RDFS) [45] is a W3C-approved extension of the RDF language,
containing a new set of classes and properties designed for implementing RDF
vocabularies since 2004. RDFS is a language used for defining lightweight
ontologies. In fact, the RDFS vocabulary is not domain-specific and allows the
specification of the semantics of arbitrary RDF vocabularies.

The main RDFS classes are rdfs:Resource, the superclass to which each
RDF resource belongs, and rdfs:Class, the class of resources that are RDF
classes. Other important classes are rdfs:Literal, rdfs:Datatype and
rdf:Property, all of which are subclasses of rdfs:Class.

Properties describe the relation between two resources, called the sub-
ject and object. The most essential ones are rdfs:domain , rdfs:range ,

rdf:type, rdf:label, rdfs:subClassOf and rdfs:subPropertyOf.

Listing 3.2: RDFS triples

1 dbp:ontology/Student rdfs:subClassOf dbp:ontology/Person.

2https://www.w3.org/TR/turtle/
3https://www.w3.org/TeamSubmission/n3/
4https://www.w3.org/TR/json-ld/
5https://www.w3.org/TR/rdf-syntax-grammar/
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2 dbp:ontology/residence rdfs:subPropertyOf dul:hasLocation.
3 dbp:ontology/residence rdfs:range dbp:ontology/Place.

3.1.4 OWL

The Web Ontology Language (OWL) [165] is a W3C standard markup language
designed for applications that need to process information content, improving
the machine interpretability of Web content (w.r.t. to XML, RDF, and RDFS)
by providing an additional vocabulary along with a formal semantics. OWL2
[170] is updated version of OWL

The OWL2 is based on the ontology, which is a formal representation of
concepts and domain-specific knowledge. The OWL2 syntax is based on RDFS,
which provides constructs for building ontologies and describing classes, prop-
erties, individuals, and data values. Several syntax serialisation options exist,
such as RDF/XML, Turtle, OWL2 XML, and the OWL2 Manchester Syntax,
which are helpful when a ”readable” syntax is needed [170].

Being both OWL and OWL2 based on the Description Logic (DL) theory,
it is possible to apply reasoning techniques to infer implicit knowledge from
knowledge bases’ explicit axioms. Reasoning techniques can infer this knowl-
edge by applying a set of rules (e.g., entailment rules) to the knowledge base,
with computation times directly proportional to the ontology’s expressiveness
level. To provide different levels of response performances, the W3C has defined
three OWL2 sub-languages, called profiles, which offer essential advantages in
particular application scenarios [170]:

• OWL2 EL: this profile is designed for applications employing ontologies
that define a huge number of classes and/or properties, as it captures the
expressive power of the most commonly used ontologies and, at the same
time, provides reasonable response times [170]. In particular, the OWL2
EL profile is suitable for scenarios that require polynomial response times
and involve reasoning tasks for schema and data properties. The expres-
siveness power is limited to the EL family of description logic (existential
quantification and conjunction).

• OWL2 QL: this profile is designed to enable sound and complete query
answering capabilities, while ensuring logspace response times with re-
spect to the size of the data [170]. The OWL2 QL syntax is sufficient for
representing conceptual models of UML class diagrams and ER diagrams.
The expressiveness power is limited to the DL-Lite family of description
logic (subclass and superclass axioms, conjunctions (RHS only), property
axioms). This profile is commonly used for designing query rewriting
engines with reasoning capabilities. It implements a set of techniques
for extrapolating RDF triples from relational databases, while delegating
data storage and query evaluation to standard relational DBMSs.
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• OWL2 RL: this profile is designed for those applications that require
scalable reasoning capabilities without sacrificing too much expressive
power [170]. The design of OWL2 RL is close to Description Logic Pro-
gram (DLP) and can be implemented by rule-based reasoning engines.
Indeed, the expressive power of OWL2 RL resembles a (near maximal)
fragment of OWL2 as it supports all the axioms apart from disjoint unions
of classes and reflexive object property axioms [170].

3.1.5 SPARQL

SPARQL Protocol And RDF Query Language (SPARQL) [106] is the W3C
standard for querying RDF data representing information in the Semantic
Web. Moreover, the query language’s syntax is well-suited for data integra-
tion, as the queried data can originate from various sources. A simple example
of a SPARQL query is displayed in Listing 3.3, with the corresponding re-
sponse in Figure 3.3, after executed at DBpedia SPARQL endpoint6. This
SPARQL query retrieves scientists whose birthplace cities have populations
exceeding one million, along with their associated city, population, and ed-
ucational institution. Query results are grouped by scientist to consolidate
multiple associations, and the LIMIT 100 restricts output size. The query
leverages RDF properties (dbo:birthPlace, dbp:education) to semantically
model person–city–university relationships. Notice that the “a” in line 5 in
Listing 3.3 is an alias for rdf:type referring class Scientist. A response to a
SPARQL query can be formatted in XML, JSON, CSV, and TSV.

Listing 3.3: An example SPARQL Query

1 PREFIX dbo: <http://dbpedia.org/ontology/>

2 PREFIX dbp: <http://dbpedia.org/property/>

3

4 SELECT ?scientist ?city ?population ?university {

5 ?scientist a dbo:Scientist .

6 ?scientist dbo:birthPlace ?city ; dbp:education ?university .

7 ?city dbo:populationTotal ?population .

8 FILTER (?population > 1000000)

9 }

10 GROUP BY ?scientist

11 LIMIT 100

Open Geospatial Consortium (OGC) standard GeoSPARQL7 extends
SPARQL for querying of geospatial knowledge [21], which is represented in
RDFS/OWL that introduces classes, features using Geography Markup Lan-
guage (GML) and geometry literals WKT format. GeoSPARQL also provides
a set of topological relationship vocabularies and ontologies for qualitative and
quantitative reasoning.

6https://dbpedia.org/sparql
7https://www.ogc.org/standard/geosparql/
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Figure 3.3: SPARQL Query response at DBpedia Endpoint

3.2 Semantic Data Integration

In the Semantic Web, the Linked Data model has become a paradigm that
facilitates the transition from a document-oriented web to a web of inter-
linked data [15]. The two most used linked data models are property graphs
(PGs) [192] and knowledge graphs (KGs) [74]. The property graph focuses
on analytics and querying, whereas the knowledge graph prioritises seamless
incremental data integration via an ontology and applies a reasoner to derive
new knowledge, which is the primary focus of the thesis.

3.2.1 Knowledge Graphs (KGs)

Knowledge Graphs (KGs) have been utilised in academia and business, often
tied to semantic web technologies, linked data, large-scale data analytics, and
cloud computing [74]. The term knowledge graph was coined by Austrian lin-
guist Edgar W. Schneider in 1972 in a discussion of how to build modular
instructional systems for courses [199]. KGs gained prominence in AI research
and industry following the introduction of Google’s Knowledge Graph8 in 2012,
which utilised KG resources such as DBpedia and Freebase to facilitate ”search-
ing for things, not strings”. Since then, more organisations, such as eBay,
Facebook, IBM, and Microsoft, have invested in knowledge graphs [174]. At
present, KGs power a wide range of applications, including personal assistants
such as Alexa, Siri, and Google Assistant, popular AI-enabled search engines,
e-commerce platforms like eBay and Amazon, and other applications [123].

In the Semantic Web, knowledge graphs are used to represent, retrieve, and
integrate data from highly heterogeneous sources [110]. A knowledge graph
(KG) is a directed, labelled multi-relational graph where nodes typically rep-
resent either domain entities or their attributes, and (labelled) edges represent
either relationships between entity-entity pairs or properties of entities [129].
KG is serialised as a set of triples, where each triple is a formal description
of a fact and of the form subject (s), predicate (p), and object (o). e.g. For
example, the statement “Munich is the Capital of Bavaria” can be expressed
with the triple ⟨s, p, o⟩ ≃ ⟨Munich, isCapitalof, Bavaria⟩. KG-based solu-
tions often rely on an ontology to give meaning to the data, and the instances
of an ontology are represented as KGs [111].

8https://blog.google/products/search/introducing-knowledge-graph-things-not/
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3.2.2 Geospatial Knowledge Graphs (GeoKGs)

Geospatial Knowledge Graphs (GeoKGs) emerged as a prominent example of
KGs for representing and reasoning over geospatial information concerning Geo-
graphic Information System (GIS) [240]. Geospatial entities are modelled using
geo-coordinates (as pairs of longitude and latitude) that capture, on the one
hand, geometric regions delimited by polygons (i.e., vector data) and, on the
other hand, values from a continuous domain (e.g., temperature, precipitation)
associated to all points in a specified region (i.e., raster data) [70]. GeoKGs are
often converted from geospatial data sources [69], which are stored in spatial
databases (PostGIS/PostgreSQL) or other popular formats like shapefile, CSV,
and GeoJSON.

OGC standard GeoSPARQL ontology [21] utilises a representation of vec-
tor geometry literals compliant with Geography Markup Language (GML) and
Well-Known Text (WKT), and relies on a vocabulary for topological relation-
ships and ontologies for qualitative reasoning [240]. The GeoSPARQL lan-
guage extends SPARQL with geometric functionality to represent and query
geo-enriched KGs. However, it still suffers from several limitations that re-
strict its effective use in practical settings, specifically when raster data plays
a prominent role. The GeoSPARQL+ framework [112] provides an enhanced
version of the GeoSPARQL vocabulary, query language, and ontology, extend-
ing RDF to support geospatial raster data. However, it has limited support for
complex multidimensional raster and multi-polygonal vector data. Moreover,
it relies on materialising geospatial data as RDF triples, resulting in very large
KGs that may pose efficiency issues. One of the most famous Geospatial KG
projects is LinkedGeoData (LGD) [211], which primarily relies on the VKG
approach to expose OpenStreetMap OSM9 data as RDF knowledge graphs.

Another popular GeoKG is YAGO2geo10 [127], which contains detailed vec-
tor geometries collected from the (GADM) and (OSM). It is claimed to be the
largest GeoKG, which currently contains 703 thousand polygons and 3.8 mil-
lion lines [127]. YAGO2geo represents precise geographic knowledge by utilis-
ing the YAGO2 and GeoSPARQL ontologies, as well as specialised ontologies
developed by the YAGO2geo team. Nevertheless, a query-answering system
that supports the contained KG and temporal geographic knowledge is still
not available. W3C standard RDF Data Cube Vocabulary [218] represents sta-
tistical data cubes but provides minimal support for representing the multidi-
mensional array data model, e.g., raster data. These limitations are addressed
by QB4OLAP [222], a vocabulary for BI over Linked Data that facilitates the
representation of OLAP cubes in RDF and provides standard OLAP opera-
tions (including roll up, slice, dice, and drill-across) through SPARQL queries
directly over RDF. Still, it does not support raster-based querying of complex
EO data cubes.

GeoKGs align with geography’s relational nature, where ”everything is re-

9https://www.openstreetmap.org/
10https://yago2geo.di.uoa.gr/
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lated to everything else,” and address GIS limitations in handling quantitative
and qualitative data [240]. Key research areas include knowledge representa-
tion (e.g., ontologies like GeoSPARQL and OWL-Time for spatial and tem-
poral modelling) and reasoning (e.g., qualitative spatial reasoning via RCC8
and DE-9IM, integrated into GeoSPARQL) [240]. GeoKGs bridge Symbolic
AI (logic-based) and Connectionist AI (machine learning), as demonstrated in
studies employing KG embeddings to learn spatial/temporal rules or neural
networks for advanced spatial relations [240, 160]. This facilitates the develop-
ment of a neurosymbolic GeoAI, enabling the integration of theory and data
to ethically guide AI systems in processing geospatial data [160].

Some other well-known geospatial knowledge graphs are Wikidata [224],
WorldKG [72], KnowWhereGraph [123, 241], FineGeoKG [227].

3.3 Knowledge Representation & Reasoning

Knowledge Representation & Reasoning (KR&R), a foundational branch of
artificial intelligence, e.g., symbolic AI, focuses on the formal encoding of in-
formation to enable computational systems to process and reason about it in
a manner akin to human cognition [209]. At its core, this discipline involves
creating machine-interpretable models of real-world domains, where symbols
act as proxies for entities such as objects, events, or relationships [213]. These
models facilitate automated reasoning, allowing systems to derive new insights
from explicitly stated facts. A knowledge-based system typically maintains
a repository of domain-specific assertions and employs inference mechanisms
to respond to queries or support decision-making processes. The principles
underlying knowledge representation emphasise formality, explicitness, and
machine-processability. Formality ensures that representations are grounded
in well-defined semantics, enabling unambiguous interpretation by algorithms.
Explicitness requires that all relevant domain knowledge be articulated clearly,
avoiding implicit assumptions that could lead to misinterpretation. Machine-
level interpretation requires that the representation be compatible with compu-
tational tools for storage, retrieval, and manipulation. Methods for developing
such representations include conceptual modelling, in which domain experts
identify key entities and relations, and axiomatisation, which formalises these
elements using logical constructs [220]. In practice, these methods are applied
in scenarios such as business trip planning, where systems must integrate het-
erogeneous data sources to automate processes, including booking and match-
ing offers to requests [213].

Knowledge representation manifests in several forms, each suited to different
aspects of domain modelling and reasoning. Semantic networks, originating
in early graphical logics such as Peirce’s existential graphs (1896), represent
knowledge as directed graphs with nodes denoting concepts and arcs indicating
relationships [209]. This structure excels at capturing taxonomic hierarchies
and relational links, such as ”is-a” (subsumption) or ”part-of” relations.

39



3.4 Ontology

In 1993, Gruber et al., [94] defined the term ontology as a subdivision of meta-
physics that pertains to the philosophical examination of existence in its origi-
nal context. It addresses the essential enquiries of ”what constitutes existence?”
and ”what categories of entities exist?” [61]. In AI and computer science, on-
tologies are conceptual models that encode knowledge about any domain of
interest and are rendered into a machine-processable format (e.g, RDF graphs)
through knowledge representation [213]. More specifically, ontologies describe
the domain of interest in terms of concepts (a.k.a classes), roles (a.k.a object
properties), and attributes (a.k.a data properties) [220, 200].

3.4.1 Components

The ontology provides the schema and rules for interpreting the entities and
facts comprising the domain knowledge. An ontology has the following main
components [183] :

• Classes (or concepts), are the primary formalised components of the
domain of interest.

Let’s assume an ontology describing a PhD degree in Computer
Science, representative classes include Person, PhDStudent, Su-
pervisor, ResearchArea, Course, and Thesis. These classes may
be hierarchically organised; for example, PhDStudent and Su-
pervisor are subclasses of Person, while Artificial Intelligence
is a subclass of ResearchArea, alongside others such as BigData
or Natural Language Processing. Each class is associated with
specific properties and constraints that characterise its mem-
bers.

• Instances (or objects) represent concrete individuals of the classes
inside a domain as defined by the ontology structure.

For example, an individual named Alice may be an instance
of the class PhDStudent, while Prof. John Doe may be an
instance of the class Supervisor. Similarly, Deep Learning and
Cloud Computing can be instances of the class Course. These
instances populate the ontology with concrete domain data.

• Relations (or properties or predicates) define the connections
between classes and instances, capturing both taxonomic and non-
taxonomic relationships within the ontology. A relation often belongs
to a specific type or class that delineates the manner in which one object
is associated with another within the ontology.
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supervisedBy

Figure 3.4: Ontology Example: PhD degree in Computer Science

In the PhD ontology, examples of relations include super-
visedBy (linking a PhDStudent to a Supervisor), belong-
sToResearchArea (linking a PhDStudent or Supervisor to a
ResearchArea), and enrolledIn (linking a PhDStudent to a
Course). Relations may also be hierarchically organised; for in-
stance, a general relation participatesInAcademicActivity may
subsume more specific relations such as teachesCourse and at-
tendsCourse.

• Axioms are the constraints, rules, and logical correspondences that must
be adhered to in the relationships of ontology elements. Axioms can also
be seen as the smallest unit of knowledge within an ontology and they
ensure the semantic consistency and correctness of the ontology [216].

For example, an axiom may state that every PhDStudent must
be associated with exactly one Supervisor, or that a Thesis
must be supervised by a Supervisor whose ResearchArea in-
cludes Artificial Intelligence. Another axiom may state that
an individual cannot be an instance of both PhDStudent and
Supervisor simultaneously. Such axioms encode domain knowl-
edge at a formal level and enable reasoning over the ontology.

Figure. 3.4 presents the class taxonomy of the example PhD ontology.
All domain concepts are modelled as subclasses of owl:Thing, with Person,
ResearchArea, Course, and Thesis as top-level classes. Specialised concepts
such as PhDStudent, Supervisor and Artificial Intelligence are defined through
subclass relationships.

3.4.2 Types of Ontologies

Ontologies in computer science are classified primarily based on their subject of
conceptualisation, which determines their level of generality and potential for
reuse in knowledge-based system engineering [96]. This classification forms an
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inclusion hierarchy in which more general ontologies offer broader interoperabil-
ity and reuse, while specific ones narrow the scope to particular contexts [96].
Figure 3.5 illustrates an inclusion hierarchy, wherein lower ontologies inherit
and specialise concepts and relations from those positioned above them. The
lower ontologies exhibit greater specificity and consequently have a more lim-
ited application scope, while the upper ontologies offer greater potential for
reuse.

Figure 3.5: Types of ontologies

3.4.2.1 Foundational Ontologies

Foundational ontologies, also known as upper or top-level ontologies, have the
broadest scope and aim to describe abstract, general concepts that are inde-
pendent of specific domains or applications. They draw from philosophical
notions to model universal phenomena such as time, space, processes, physical
objects, and abstract entities. These ontologies are extensively axiomatised for
precision and serve as alignment points for more specialised ontologies, rather
than being used directly in applications. Their broad generality enables reuse
across diverse fields.

Example: The Descriptive Ontology for Linguistic and Cognitive Engineer-
ing (DOLCE) [82] models core entities, such as endurant (persistent entities,
like physical objects) and perdurant (events unfolding over time), which can
serve as anchors for ontologies in various fields, including engineering and lin-
guistics. For instance, the city of Munich can be classified as an endurant (a
physical object persisting through time with spatial location), while events such
as the annual Oktoberfest held in Munich are modelled as perdurants.

3.4.2.2 Domain Ontologies

Domain ontologies narrow the scope to a specific domain of discourse, captur-
ing knowledge about entities, relations, and constraints within that area while
remaining independent of particular tasks. They provide a detailed conceptual
model for a field, facilitating shared understanding and data integration. Com-
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pared to top-level ontologies, their scope is more restricted but still reusable
across tasks within the domain.

Example: A domain ontology in a geographic context might include concepts
such as City, River, and Mountain, along with relations like flowsThrough (e.g.,
the Isar flows through the City of Munich) and locatedIn (e.g., Munich lis
ocated in the state of Bavaria), which are used in applications such as mapping
or environmental analysis.

3.4.2.3 Task Ontologies

Task ontologies focus on a specific activity or process and describe the knowl-
edge required for that task in a domain-neutral way. Their scope is limited to
the generic structure of the task, including roles, steps, and constraints, which
allows for reuse across different domains where the same task applies. This
type complements domain ontologies by providing a procedural layer.

Example: A scheduling task ontology could define concepts such as Task,
Resource, and Constraint, with relations like precedes (e.g., one task must pre-
cede another), applicable in intelligent computer-based tutoring, execution of
clinical guidelines, etc.

3.4.2.4 Application Ontologies

Application ontologies have the narrowest scope, tailoring concepts to a spe-
cific task enactment within a particular application context. They integrate
and specialise elements from domain and task ontologies, often assigning roles
to domain entities in the context of the task. This makes them highly spe-
cific, with limited reuse beyond the targeted system, but essential for practical
implementations.

Example: In a business trip booking application, an ontology might combine
travel domain concepts (e.g., Flight and City such as Munich as a common
departure hub) with booking task concepts (e.g., Reservation process), defining
roles like a Company headquartered in Munich as a booker and an Employee
as a participant in a flight from Munich to Stockholm.

3.5 Description Logic (DL)

Description Logics (DLs) [17, 18] serve as the foundation for contemporary
knowledge representation systems that depict the universe of discourse in a
logically consistent and computationally tractable manner. As the building
blocks of this domain, DLs employ two fundamental entities: concepts and
roles. Concepts denote unary relations, while roles denote binary relations.
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Both are constructed by applying specific constructs starting from atomic con-
cepts and roles.

DLs allow for modelling a domain of interest by employing only unary and
binary predicate symbols known as concept names and role names within a
knowledge base (KB) [200]. In DL, a knowledge base K is usually expressed
as a pair of components, the TBox T and the ABox A. A TBox is the
intentional level of the KB, capturing the terminological knowledge (or schema)
of the domain. AnABox comprises information at the instance level, providing
concrete instances of the concepts and roles defined in the TBox.

Our research concerns with a specific family of DLs known as DL-Lite [53,
185, 11], which aligns with the tractable OWL2QL11 [170, 139] profile of the
Web Ontology Language OWL2, and, specifically, we consider DL-LiteR, which
is one of the most expressive variants in the DL-Lite family for which a query-
rewriting based approach to query answering can be adopted.

In DL-LiteR, a TBox is defined as a finite set of intensional assertions of
the form, C1 ⊑ C2 (concept inclusion), C1 ⊑ ¬C2 (concept disjointedness),
R1 ⊑ R2 (role inclusion), R1 ⊑ ¬R2 (role disjointedness), and (funct R) (func-
tionality). Here, R (possibly subscripted) denotes an atomic role P or its
inverse P−. Instead, C (possibly subscripted) denotes a basic concept, which
is either an atomic concept A, or a concept defined as ∃R, representing the set
of objects that appear as the first argument of R. Finally, (funct R) asserts the
functionality of R, i.e., that its first argument operates as a key of the relation
denoted by R. An ABox in DL-LiteR is represented as a finite set of assertions
of the form A(a) or P (a, b), with a and b belonging to NI .

The semantics of a DL KB is given in terms of First-Order interpretations,
referring to the interpretation structures of First-Order Logic (FOL) [18]. An
interpretation I = ⟨∆I , ·I⟩ consists of an interpretation domain ∆I and an
interpretation function ·I , which maps each atomic conceptA to a setAI ⊆ ∆I ,
each atomic role P to a set P I ⊆ ∆I×∆I , and each individual a to an element
aI ∈ ∆I . The role P− is interpreted as the inverse of the relation P I , while
(∃R)I = {o | there exists o′ s.t. (o, o′) ∈ RI}. Finally, (¬B)I = ∆I \ BI , and
(¬R)I = ∆I×∆I\RI . An interpretation I is said to be amodel of (or satisfies)
an ABox assertion A(a) (resp., P (a, b)) if aI ∈ AI (resp., (aI , bI) ∈ P I), and
it is a model of aTBox assertion E1 ⊑ E2 (where E1 and E2 are either concepts
or roles) if EI

1 ⊆ EI
2 . An interpretation I is a model of a KB K = ⟨T ,A⟩ if

it is a model of all assertions in T and A. We denote with Mod(K) the set
of all models of K. A KB K is consistent if it has at least one model, i.e.,
Mod(K) ̸= ∅. We say that A is consistent with T , or T -consistent, if ⟨T ,A⟩
is consistent, and T -inconsistent otherwise. Given an ABox A and a TBox
T , we denote by clT (A) the closure of A w.r.t. T that is, the set of ABox
assertions over individuals in A that are logically implied by ⟨T ,A⟩. Similarly,
the deductive closure of a TBox T , denoted cl(T ) is the set of inclusions and
functionality assertions that follow from T . Finally, given two ABox es A and

11https://www.w3.org/TR/owl2-profiles/#OWL_2_QL
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A′, we say that A is logically equivalent to A′ w.r.t. T , denoted A ≡T A′ if
clT (A) = clT (A′).

3.6 Virtual Knowledge Graph (VKG)

Also known as Ontology-Based Data Access (OBDA) [185, 232, 233] that pro-
vides a data management framework that simplifies access to heterogeneous
data sources (e.g., relational) for end-users by letting them formulate high-level
queries over a conceptual representation of the domain of interest, provided in
terms of a domain ontology. The underlying data sources are accessed via a
domain ontology that links to the sources via semantic mappings and exposes
the data as a ”virtual” KG represented in RDF. This enables connecting data
silos through conceptual graph representations that provide an integrated view
of the data. The three main ideas of VKG are:

• Virtualisation (V): VKGs provide a conceptual view that shields end
users from the actual data sources. This conceptual view is typically not
materialised to enable querying the data without paying a price in terms
of storage and time to make it accessible.

• Domain Knowledge (K): Graphs can be enriched and contextualised
with domain knowledge that makes it possible to derive new implicit
knowledge from the asserted facts at the time a query is executed.

• Graph Representation (G): The data are represented as a graph
where object and data values are represented as nodes, and properties
of those objects are represented as edges. Compared with traditional re-
lational integration tables, graph representations offer greater flexibility
and, through mapping and merging, facilitate data linking and integra-
tion.

3.6.1 VKG specification

A VKG specification P = (O,M,S) consists of (i) an ontology O expressed
as a TBox T in the lightweight ontology language OWL2QL, (ii) a relational
data source schema S, and (iii) a declarative mapping M that associates to
each element (i.e., class or property) in O a (SQL) query over S, specifying
how to (virtually) populate that element through the data retrieved from the
source. . In traditional VKGs, the mappingM consists of a set of R2RML [62]
mapping assertions of the form

Qsql(x⃗)⇝ E(f⃗(x⃗)),

where Qsql(x⃗) is a SQL query (also called source query or CQ) over S of

arity n > 0 with answer variables x⃗, and the target E(f⃗(x⃗)) consists of a class

or property E of O, and a set f⃗(x⃗) of so-called IRI-templates applied to the
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variables in x⃗. Each IRI-template is a function that constructs an ontology
literal or an IRI identifying an ontology object, from the values in each answer
to Qsql(x⃗) instantiating x⃗. Such IRI-templates12 are used to generate strings
representing object IRIs or (RDF) literals, starting from DB values retrieved
by the source query in the mapping.

A VKG instance is a pair (P,Drel), where Drel is a relational database
instance conforming to S. By “applying” the mapping assertions in M to
Drel , i.e., by evaluating each source query Qsql(x⃗) over Drel and using the

returned answers to instantiate the target E(f⃗(x⃗)), one obtains a KGM(Drel)
, which, however, is kept ’virtual’. Semantic queries formulated in SPARQL are
posed over O and are answered by accessing the relational data Drel through
the mapping M. Specifically, given a SPARQL query q over a VKG instance
J = (P,Drel) , we are interested in the certain answers to q over J , denoted
cert(q,J ), which are the answers obtained by evaluating q over the knowledge
base K = (O,M(Drel)) under the OWL2QL entailment regime.

Actual VKG systems, such as Ontop [52, 234] avoid costly materialisation
of the KGM(Drel) and its storage in a triple store, and instead translate the
SPARQL query into a relational query (e.g., in SQL) that is directly evaluated
by the underlying RDBMS (e.g., PostgreSQL), thus ensuring also the freshness
of query answers concerning source updates.

3.6.2 Addressing Data Heterogeneity

As discussed in motivation (cf. Section 1.1), data heterogeneity, which in-
cludes syntactic (e.g., formats), structural (e.g., schemas), and semantic (e.g.,
vocabularies) heterogeneity, is a core challenge in the semantic web and AI,
where integrating data silos leads to inconsistencies that hinder unified query
processing [233]. VKG addresses this by virtualising data under a unified ontol-
ogy, using mappings to reconcile differences in representation, without physical
integration [232].

• Structural Heterogeneity : VKG mappings handle schema mismatches
by connecting ontology axioms to underlying data structures, enabling
federated queries over disparate schemas. Kharlamov et al. [132] demon-
strated this resolution by providing ontology-based access to more than
1500 relational tables within Statoil’s enterprise databases.

• Syntactic Heterogeneity : VKG systems abstract over heterogeneous
relational data formats through virtualisation and data-access adapters;
for instance, Ontop-spatial [31] spatially enables VKG systems to im-
port diverse relational-formatted geospatial data into compatible rela-
tional backends via PostGIS, a spatial extension of PostgreSQL.

• Semantic Heterogeneity : Ontologies provide a shared conceptual vo-
cabulary that resolves differences in meaning across data sources. Logical

12IRI-templates correspond to the R2RML string templates
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axioms and class hierarchies enable semantic alignment by relating syn-
onymous or context-dependent terms under common concepts. In the
biomedical field, ICD9CM13 ontology with the MIMIC-III database, har-
monises clinical terminology and supports consistent interpretation across
datasets [51].

In the context of geospatial data integration, VKG resolves vector data
(river networks) from heterogeneous GIS repositories using ontologies for se-
mantic enrichment [49]. Xiao et al. [232] explore VKG’s role in Statoil, where
VKG reduced query formulation time from days to minutes by addressing
schema obscurity. Rodriguez-Muro et al. [193, 54] demonstrate VKG in the
Optique project, integrating oil/gas data.

3.6.3 Query Answering

Query answering constitutes the core functionality of VKGs, enabling users to
pose high-level SPARQL queries over an ontology while retrieving complete
and sound results from underlying heterogeneous data sources without mate-
rialization [232, 233]. This process leverages the declarative nature of VKGs
to abstract from low-level data details and incorporates ontological reasoning
to infer implicit knowledge. Unlike traditional database querying, VKG query
answering reduces to first-order logic reformulation, ensuring tractability under
data complexity when the ontology and mappings are fixed and only the data
varies [185].

The query answering process involves several interconnected steps (parsing,
rewriting, unfolding, optimisation, and execution) [20] as described below:

• Rewriting : Expand SPARQL into a union of conjunctive queries using
ontology axioms to capture implicit knowledge [185].

• Unfolding : Using declarative mappings to produce SQL, unfolding on-
tology terms into underlying database-level queries [20].

• Optimisation : is crucial for scalability, addressing redundancies from
large query rewritings. Techniques include semantic query optimisa-
tion (e.g., eliminating non-satisfiable subqueries via ontology constraints),
structural simplifications (e.g., join minimisation), and database depen-
dencies (e.g., pushing filters or aggregations) [147, 132]. Ontop employs
non-recursive Datalog intermediates for efficient UCQ handling, reducing
unfolding size [234]. Evaluations demonstrate superior performance com-
pared to RDF stores, e.g., in geospatial benchmarks, where Ontop-spatial
outperforms Strabon by leveraging PostGIS optimizations [31].

An example of query answering is presented in Calvanese et al. [55], where
an SPARQL query over a biomedical ontology is rewritten in SQL, and patient
eligibility for trials is inferred using temporal rules.

13https://bioportal.bioontology.org/ontologies/ICD9CM
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3.6.4 Conclusion

Although VKG effectively handles relational data, including vector formats
(points, lines, polygons), the management of raster data (multidimensional ar-
rays) is constrained by scalability and expressivity [31, 233]. Current VKGs
focus on vector operations via GeoSPARQL, but raster queries (e.g., array ag-
gregations) require extensions to mappings and ontologies, often resulting in
inefficient SQL translations for large arrays. Buccella et al. [49] argue that on-
tologies struggle with array semantics, and no paper provides a comprehensive
solution to multidimensional raster integration. In one of our papers [87], the
support for raster data has also been attempted in classical RDBMS through
spatial extensions. To achieve this, extensive raster data must undergo a con-
version (e.g., using raster2pgsql14 for PostgreSQL extended with PostGIS) from
their native format of multidimensional arrays to a suitable relational form
(e.g., postgis raster) that can be queried using SQL-like query language. This
conversion typically increases the data volume substantially, which can be chal-
lenging to manage in a relational table.

Hence, the limitations of VKGs managing raster data in its current state
are: (i) Lack of native array support in OWL/SPARQL; (ii) Performance bot-
tlenecks in relational backends; (iii) Reasoning over arrays is undecidable in
standard DLs. To address these limitations, this thesis proposed an alternative
approach that does not rely on the RDBMS’s internal raster data materialisa-
tion, as discussed in the next section.

14https://postgis.net/docs/using_raster_dataman.html#RT_Loading_Rasters
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Chapter 4

OntoRaster - A Novel VKG
Framework

This chapter is based on the works of our papers [87, 86] that describes On-
toRaster, an extended VKG framework for semantic integration and query
answering of heterogeneous relational, vector, and raster data by devising cus-
tom raster functions for SPARQL, leveraging PostgreSQL as a federator, and
delegating raster operations to RasDaMan for efficient, conversion-free process-
ing—minimising data transfers while supporting hybrid queries. Key features
include raster functions that extend SPARQL for efficient raster operations
and are delegated directly to the array database management system (i.e.,
RasDaMan). We define Raster Ontology and link it to raster data sources via
mappings, enabling semantic query answering without materialising rasters.
OntoRaster supports complex vector geometries (e.g., multi-polygons, poly-
gons with holes) and incorporates public vector datasets (e.g., GADM, Open-
StreetMap, and CityGML) along with corresponding tailored ontologies.

4.1 State of the Art

Here, we survey prominent works on integrating heterogeneous data sources,
particularly geospatial raster data and relational data (including vector geome-
tries, e.g., polygons), using VKG, describe each approach, and compare it with
our proposed OntoRaster framework.

4.1.1 Materialisation Approach

Sun et al. [215]) propose a theoretical ontology framework, GeoDataOnt,
to address general semantic heterogeneity in geospatial data integration and
sharing. It analyses semantic issues across geospatial data lifecycles, cate-
gorising characteristics into three compound modules: the essential ontology
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(e.g., themes, spatial/temporal coverage), the morphology ontology (e.g., data
types, formats, structures), and the provenance ontology (e.g., sources, pro-
cesses). GeoDataOnt lacks practical querying mechanisms and native sup-
port for multidimensional array operations under the VKG paradigm, unlike
OntoRaster. Mai et al. [161] develop a linked data connector for Esri’s Ar-
cGIS, enabling ontology-based retrieval and analysis of RDF data (e.g., from
DBPedia) within GIS. It supports reasoning, vector spatial analysis, and vi-
sualisations, but it requires KG materialisation and lacks raster support. On-
toRaster virtualises raster and vector data for query processing without any
data conversions and GIS tools.

A notable work GeoSPARQL+ [112] extends GeoSPARQL with raster fil-
ters (e.g., aggregation) for hybrid graph-raster-vector querying. It provides
well-formalised semantics for raster data, and a prototype validates its feasibil-
ity on datasets such as aerial imagery for risk assessment. GeoSPARQL+ mate-
rialises raster data alongside vector data for further query processing, without
VKG virtualisation. OntoRaster relies on the virtualisation of VKGs and
RasDaMan to enable native, conversion-free raster querying, thereby integrat-
ing relational data in a more scalable manner. Tran et al. [219] addresses
semantic integration of EO raster data by proposing (i) a modular ontology for
describing spatial-temporal features of predefined geographic units (e.g., land
cover over time) utilizing standards like GeoSPARQL for vector geometries and
OWL-Time1 for temporality; (ii) a semantic ETL process to extract pixel val-
ues from rasters, compute statistics (e.g., land cover ratios), and link them to
RDF representations of territorial units; and (iii) an RDF triples store dataset
exposed via a SPARQL endpoint and semantic interface. Evaluations empha-
sise semantic querying but note scalability limits for large rasters. This study
emphasises materialised RDF integration via ETL, requiring raster pixel ex-
traction and statistical computation upfront, which can entail data conversion
and storage overhead for large EO datasets—lacking virtualisation for on-the-
fly access, such as OntoRaster.

Liu et al. [157] propose a KG-based retrieval method for multi-source hetero-
geneous geospatial vector data, including OSM data. It constructs a domain-
specific KG by extracting implicit semantics and relationships, then applies
query-expansion rules (conceptual similarity and entity associations) and KG-
to-DB mappings to automatically generate SQL statements. But it lacks sup-
port for raster data cubes or multidimensional operations, relying on SQL
generation over spatial databases without native array handling.

4.1.2 Virtualisation Approach

Bereta et al. [31] present Ontop-spatial, an extended VKG engine Ontop that
virtualises geospatial vector data stored in RDBMS (e.g., PostGIS) as RDF
graphs. It adapts GeoSPARQL as an SPARQL entailment regime and aug-
ments SPARQL-to-SQL translations for geospatial operations, such as spatial

1https://www.w3.org/TR/owl-time/
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joins and topological relations, but does not support multidimensional raster
arrays. In contrast, OntoRaster integrates raster cubes with vector and re-
lational data, extends GeoSPARQL to RasSPARQL to support raster-specific
functions (e.g., multidimensional aggregations), and delegates these operations
to RasDaMan for native array querying without conversions or SQL approxima-
tions, thereby enabling more scalable hybrid spatiotemporal queries. Ontop-
temporal [126] is another extension of Ontop with OWL2QL ontologies and
metric temporal logic rules for querying relational timestamped logs (1D time
series data) in the biological domain. But there is no mention of spatial data
(vector or raster). OntoRaster, however, supports spatiotemporal querying
over raster data with vector geometries, utilising RasDaMan’s temporal array
operations, e.g., temporal aggregation and slicing without conversion.

Almobydeen et al. [5] propose GeoLD query engine, which extends
SPARQL with WCPS operators for scientific raster array data using the Cover-
age to RDF Mapping Language (C2RML), an extension of the R2RML under
VKG paradigm. It maps coverages to RDF and optimises by delegating to
WCPS, outperforming relational GeoSPARQL on meteorological data. GeoLD
delegates raster queries via WCPS but focuses on raster-only access without
vector-relational semantics. OntoRaster relies on RasSPARQL with raster
functions and GeoSPARQL capabilities for hybrid queries, using RasDaMan
directly without WCPS, enhancing expressivity (e.g., multi-polygon clipping).

Hamdani et al. [101] proposed an architecture to query raster data stored
in an RDBMS using the VKG paradigm and extending the GeoSPARQL ontol-
ogy2 with a semantic representation model for raster data cubes. Using R2RML
and SPARQL, it supports spatiotemporal queries; evaluations compare scalabil-
ity to other systems. But this work involves converting and materialising raster
data for query processing, whereas OntoRaster relies on RasDaMan for di-
rect array management without conversions, enabling more precise, efficient
hybrid operations via RasSPARQL. A recent work [38] enhances Apache Jena
for GeoSPARQL 1.1 with vector data, adding transformations, aggregations,
and H3 grid 3 support, with grid approximations for rasters. OntoRaster
handles full multidimensional rasters natively via RasDaMan without grid ap-
proximations.

Plato [34, 35, 164], a notable semantic data cube system, has been pro-
posed within the EU H2020 project DeepCube4. The system relies on a geospa-
tial extension of the VKG system, i.e., Ontop-spatial [31] and uses Post-
greSQL’s foreign-data wrappers (FDW)5 to virtualise arrays (e.g., from Deep-
Cube) as RDF graphs, linking numerical values to concepts (e.g., heatwaves)
via SPARQL. It has been deployed in a case study on fire risk-management in
Greece [36]. Plato queries EO raster data through relational wrappers for array
access, potentially involving conversions and lacking seamless vector topology

2https://www.ogc.org/standard/geosparql/
3https://h3geo.org
4https://deepcube-h2020.eu/
5https://www.postgresql.org/docs/current/postgres-fdw.html
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integration. OntoRaster advances this by using array DBMS RasDaMan
natively for array operations without conversions, extending GeoSPARQL to
RasSPARQL for unified hybrid queries (e.g., raster aggregations within vector
regions), and reducing overhead in large-scale raster data scenarios.

Xiao et al. [235] introduce a KG-based framework for unifying Germany’s
ATKIS-DLM6 a vector dataset, which is distributed as fragmented shapefiles
across themes (e.g., settlements, hydrography) and geometries. It develops an
OWL/GeoSPARQL ontology from DLM documentation, uses R2RML map-
pings to link vector data in a PostGIS database, and supports virtualisation
via Ontop (SPARQL-to-SQL rewriting) or materialisation in triple stores like
GraphDB. It only mentioned raster data inclusion as future work. Ranatunga
et al. [188] introduce a VKG framework for integrating heterogeneous geospa-
tial vector data (e.g., lakes and roads). This framework employs an extended
GeoSPARQL ontology, utilises PostGIS for data storage, Ontop as a reasoning
engine, and a web-based SPARQL Query Interface (SQI) with Leaflet for tab-
ular and map visualisations. It accommodates both spatial (e.g., intersections)
and non-spatial queries; however, it lacks raster support. OntoRaster’s del-
egated raster processing capability provides greater efficiency for EO-intensive
use cases, thereby mitigating the vector focus and temporal gaps. One of our
collaborators, Pano et al. [180], introduced ontopEO, a tool that leverages
the VKGs paradigm to query EO raster data via the ontopEO [182] API calls
and does not rely on array DBMS such as RasDaMan. It is mainly tailored to
query EO data from the European Space Agency (ESA) Copernicus platform,
leveraging a higher-level conceptualisation enabled by a domain ontology.

Most of these works emphasise the integration of heterogeneous vector data
within a specific region and lack the semantic integration and virtualisation of
raster data under the VKG paradigm. Whereas OntoRaster extends VKG
paradigm by integrating raster cubes through RasDaMan, using RasSPARQL
for raster-specific functions (e.g., aggregation over raster arrays) and Post-
greSQL federation to minimise data transfers—enabling hybrid queries like
raster values within OGC complement arbitrary vector geometries over any
arbitrary region.

4.2 Three Layer Architecture

In this section, we describe the architecture of OntoRaster, which supports
seamless integration and on-the-fly query answering across relational, vector,
linked, and raster data, while minimising costly data transfer operations under
the VKG paradigm. The architecture is organised in three layers: the Data
Source Preparation Layer, which interfaces with the underlying heterogeneous
data sources, the VKG Layer, which provides integrated SPARQL access to
these sources using the VKG paradigm via the Ontop system and Query Trans-
lation Layer, which bridges the previous two layers by using stored procedures

6https://www.ioer-monitor.de/en/methodology/glossary/a/atkis-basis-dlm/

52

https://www.ioer-monitor.de/en/methodology/glossary/a/atkis-basis-dlm/


in PL/Python and PL/pgSQL to issue queries to an array DBMS Rasdaman
and combine the results with relational data, including vector data.

SQL Queries
(q1, q2, qn)

Sub Answers
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Figure 4.1: OntoRaster – An Extended VKG framework

Figure 4.1 illustrates the high-level architecture of OntoRaster, depicting
the flow from user queries to integrated data processing across heterogeneous
sources. The diagram is divided into three main sections: (i) the OBDA/VKG
System on the left, (ii) the Query Transformation System in the centre, (iii) the
Heterogeneous Data Sources on the right.

4.3 Data Source Preparation Layer

The OntoRaster framework supports geospatial raster and vector data, as
well as generic tabular datasets, including publicly available linked data col-
lections. In this dissertation, four areas of interest (AOIs) of progressively in-
creasing spatial extent, geometric complexity, data volume, and organisational
diversity have been selected (Figure 5.1): the city of Munich, the federal state
of Bavaria, the autonomous province of South Tyrol, and the entire country of
Sweden. The OntoRaster architecture is expressly designed to accommodate
any geographic AOI or custom region, provided that datasets of comparable
type and structure are available. The four selected AOIs are therefore illustra-
tive rather than restrictive.

4.3.1 PostgreSQL and PostGIS

At the core of theOntoRaster architecture is PostgreSQL, a robust relational
database management system (RDBMS), extended with the PostGIS spatial
module. PostGIS is a widely adopted7 open-source geospatial extension for
relational databases, such as PostgreSQL, that enables efficient storage, index-
ing, and processing of both vector and raster geospatial data within the SQL

7https://db-engines.com/en/ranking/spatial+dbms
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Figure 4.2: 25 Districts of Munich stored in VectorTablesDB

environment. Vector datasets are imported from standard interchange formats
(shapefile, GeoJSON, GeoPackage, etc.) using either the dedicated shp2pgsql8

utility or the versatile ogr2ogr tool from the Geospatial Data Abstraction Li-
brary (GDAL/OGR9) [194]. These capabilities make PostgreSQL+PostGIS
the natural choice for consolidating heterogeneous geospatial vector and tabu-
lar data within the OntoRaster federation layer.

In practice, each AOI consists of multiple regions; for example, our run-
ning example AOI Munich has two distinct sets of regions: Districts and Sub-
districts and their respective vector data together with at least three attributes,
e.g., regionId, regionName and regionGeometry, are stored in dedicated re-
lational tables within a PostgreSQL database named VectorTablesDB. Fig-
ure 4.2 shows the munich dist25 table in VectorTablesDB, which depicts 10
of Munich’s 25 districts. It has five columns such as gid (or regionId), nr,
first bezi (or regionName), first nr and geom (or regionGeometry). Every
table contains exactly one geometry column registered with a specific spatial
reference system (SRS), which defines semantic meaning to the stored coor-
dinate values. Source vector datasets, obtained as shapefiles from authorita-
tive providers (e.g., GADM, geoBoundaries, OpenStreetMap), are imported
via shp2pgsql in hex-encoded Well-Known Binary (WKB) format.

Notice that all table names and column names mentioned above are il-
lustrative for conceptual understanding and employed throughout this work.
Any consistent naming convention may be adopted without loss of function-
ality, provided the same names are used in the VKG mapping assertions that
connect the ontologies to the underlying heterogeneous data sources.

In our architecture, we utilise the procedural language PL/Python within
PostgreSQL to facilitate integration with the array DBMS RasDaMan. This
approach permits unrestricted use of the entire Python ecosystem directly in-
side the PostgreSQL back-end. The current implementation uses Python 3.13,
PostgreSQL 16, and Shapely 2.0.2 to convert between PostGIS well-known text
(WKT) representations and Rasdaman-compatible geometric specifications.

8https://postgis.net/docs/using_postgis_dbmanagement.html#shp2pgsql_usage
9https://pcjericks.github.io/py-gdalogr-cookbook/
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4.3.2 RasDaMan (“Raster Data Manager”)

Rasdaman is a domain-agnostic array DBMS that implements the OGC stan-
dards for gridded coverages (i.e., multi-dimensional raster data) and manages
large datasets through its rich array algebra. Rasdaman offers a SQL-like query
language known as RaSQL10 (Rasdaman Query Language) to query any kind of
raster data of arbitrary dimensions [26] following ISO 9075 SQL Part 15: Multi-
Dimensional Arrays (SQL/MDA)11. It features a geo service front-end compo-
nent called petascope12, which adds geo semantics on top of arrays, thereby
enabling regular and irregular grids based on the OGC CIS v1.1. It also sup-
ports the OGC standards Web Feature Service (WFS) [178], Web Coverage
Service (WCS) 2.0 [177], Web Map Service (WMS) [179] and Web Cover-
age Processing Service (WCPS) [25]. Petascope utilises a relational database,
such as PostgreSQL, to store related metadata for each raster dataset, thereby
providing the respective geo-semantics. This metadata is distributed across
62 relational tables in a separate PostgreSQL database called petascopedb [4].
Rasdaman also includes rasdapy13, a client API that enables building and ex-
ecuting RaSQL queries in Python.

4.3.3 Raster LookUp Table Creation

The prerequisite metadata included in petascopedb must accompany the cor-
rect raster. Whenever a user queries specific raster data, the pertinent meta-
data must be retrieved from 62 distinct tables in petascopedb and automatically
associated with the underlying raster data for further processing. When the
user selects an alternative raster dataset for querying, the automatic search and
search-and-combine procedures are repeated, incurring additional overhead. To
resolve this issue, we developed Raster Lookup, a comprehensive table that re-
tains all essential metadata for each raster dataset stored in rasdaman. We
have built this table inside the VectorTablesDB database from the petascopedb
database using dblink14 where petascopedb serves as a remote database. Upon
uploading new raster data to rasdaman, a PostgreSQL trigger automatically
refreshes the lookup table with the metadata for the newly uploaded raster.

4.4 VKG Layer

Traditional VKGs have no means of connecting to an array DBMS, nor do
they support arrays natively. So, we introduce new methods to extend VKG’s
capabilities to support array data and array functions for querying raster data
within the VKG layer.

10https://doc.rasdaman.org/04_ql-guide.html
11https://www.iso.org/obp/ui#iso:std:iso-iec:9075:-15:ed-2:v1:en
12https://doc.rasdaman.org/02_inst-guide.html?highlight=petascope#petascope
13https://pypi.org/project/rasdapy3/
14https://www.postgresql.org/docs/current/contrib-dblink-function.html
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Table 4.1: RasSPARQL raster functions and respective PL/Python stored pro-
cedures

RasSPARQL func-
tion

Input arguments
Output
type

PL/Python
stored proc.

rasDimension() rasterName xsd:string query2string()

rasCellOp() timeStamp, operator, operand, rasterName xsd:string query2array()

rasSpatialAverage() timeStamp, regionGeometry, rasterName xsd:double query2numeric()

rasSpatialMinimum() timeStamp, regionGeometry, rasterName xsd:double query2numeric()

rasSpatialMaximum() timeStamp, regionGeometry, rasterName xsd:double query2numeric()

rasTemporalAverage()
startTime, endTime, regionGeometry,

rasterName
xsd:double query2numeric()

rasTemporalMinimum()
startTime, endTime, regionGeometry,

rasterName
xsd:double query2numeric()

rasTemporalMaximum()
startTime, endTime, regionGeometry,

rasterName
xsd:double query2numeric()

rasClipRaster() timeStamp, regionGeometry, rasterName xsd:string query2array()

rasClipRasterAnyGeom()timeStamp, regionGeometry, rasterName xsd:string query2array()

rasGeoTIFF()
timeStamp, regionGeometry, rasterName,

fillNAN
xsd:string query2array()

4.4.1 RasSPARQL: SPARQL with Raster Functions En-
abled

To facilitate querying over raster data within the VKG layer, OntoRaster
introduces RasSPARQL, an extension of SPARQL that incorporates OGC
GeoSPARQL functions for managing vector data, along with custom raster
functions for managing multidimensional raster data. RasSPARQL allows users
to express complex queries involving multidimensional arrays, such as comput-
ing aggregations or transformations, in a declarative manner. We first devised
and added custom raster-based functions to SPARQL and corresponding SQL
DB functions to be passed to RasDaMan for execution. The currently sup-
ported RasSPARQL raster-based functions with their input arguments and
output type are listed in Table 4.1. These functions are integrated into RasS-
PARQL queries and translated into PostgreSQL PL/Python stored procedures,
which delegate execution to rasdaman.

For example, a RasSPARQL query might compute the spatial average
value over an arbitrary region, whose vector geometry intersects a temper-
ature raster dataset at a particular timestamp using the introduced raster
function rasSpatialAverage(). In this case, the function will take the
following input, i.e., a particular datetime (e.g. timeStamp), arbitrary
vector data (e.g. regionGeometry) and the name of chosen raster data
rasterName and output a spatially aggregated value (in this case average
temperature of that vector region). Table 4.1 also lists temporal aggregation
raster functions such as rasTemporalAverage(), rasTemporalMaximum(), and
rasTemporalMinimum(), which take start and end timestamps along with ar-
bitrary vector data and raster data.

Some RasSPARQL functions, such as rasClipRaster() and
rasClipRasterAnyGeom(), return a portion of raster data as an array
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of values (e.g., pixels) by relying on rasdaman’s embedded ‘clip’ function15,
which extracts a raster array based on the geometry (or shape) specified by the
vector data. All pixels external to the selected vector geometry are assigned a
value of null or ‘NaN’; however, pixels located on or within the geometry are
retained. The returning arrays are expressed as strings because RDF presently
lacks support for arrays [87]. The last function in Table 4.1 is rasGeoTIFF(),
which returns a GeoTIFF version of clipped raster data which can be used
directly in a GIS application.

4.4.2 RasSPARQL to SQL-SQL/MDA Translation

To properly deal with RasSPARQL functions within Ontop, we have imple-
mented an extension of the system that, as a part of query reformulation,
translates each such function into a corresponding SQL function and embeds it
into the generated SQL/MDA query as indicated in Fig. 4.1. Notice that the
RasSPARQL query is, in general, a SPARQL query that might contain both
GeoSPARQL functions and raster functions. This query is translated into a
plain SQL query that uses corresponding PostGIS functions and PL/Python
stored procedures to connect to RasDaMan, as specified in the last column
of Table 4.1. As an example, when Ontop parses a RasSPARQL query that
embeds the raster function rasSpatialAverage(), it translates it to a call
to query2numeric(), which in turn executes the SQL/MDA standard RaSQL
query over RasDaMan.

4.4.3 Raster Ontology

In the context of geospatial raster (gridded) data management, we have defined
the Raster Ontology shown in Fig. 4.3, which provides a structured framework
for representing N -dimensional multidimensional arrays (e.g., remote-sensing
imagery, climate simulations, and time-series data) within the Semantic Web
paradigm. Inspired by Andrejev et al. [7], this ontology integrates generic raster
data with metadata using the RDF model, enabling machine-readable seman-
tics for spatial-temporal grids. It builds on the OGC standard coverage model
(ISO 19123:2005) [27] and supports efficient querying via SPARQL extensions.
The ontology addresses the impedance mismatch between array-based data and
irregular metadata, enabling hybrid storage in which arrays are embedded as
nodes in RDF graphs.

The core objective of the Raster Ontology is to capture essential metadata
to support understanding and querying of grid coverages while remaining exten-
sible to application-specific details. It models coverages as functions mapping
from a domain set (spatial-temporal extents) to a range set (attribute values),
with support for regular, rectified, and referenceable grids. This facilitates inte-
gration with semantic web vocabularies and enables queries that combine data
selection, processing, and metadata retrieval in a single declarative statement.

15https://doc.rasdaman.org/04_ql-guide.html#clipping-operations
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Figure 4.3: Ontology for generic raster data (including grid coverage)

4.4.3.1 Key Classes and Properties

The ontology is formalised in RDF Schema (RDFS) and comprises several
interconnected classes, properties, and relationships. Below, we outline the
primary components, drawing on the conceptual model presented in [7].

1. GridCoverage This central class represents the grid coverage as a
whole, modelling a spatial-temporal phenomenon discretised into a grid.

Properties:

• rasterName: A unique name for the gridded raster or grid coverage
(e.g., “myCoverage”).

• hasDomain: Links to a GridDomain (or subclass) describing the
spatial-temporal extent.

• hasRangeType: Links to a RangeType defining the structure of cell
values.

Semantics: Instances hold array-valued properties corresponding to
fields (e.g., NIR or red channels in satellite imagery). Arrays are stored
efficiently (e.g., via proxies to array databases such as rasdaman) and
linked to metadata for lazy evaluation during queries.

2. GridDomain (and Subclasses) Describes the domain set, defining the
grid’s spatial-temporal bounds and topology. Supports regular, rectified,
and referenceable grids.

Properties:

• dimensionality: Integer specifying the number of axes (e.g., 3 for
x/y/t).

• axisNames: Vector of string labels for axes (e.g., (x”, y”, “t”)).

• low and high: Bounding vectors for the grid extents.

• CRS: URI referencing a Coordinate Reference System (e.g., to a GML
document).
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• origin: Vector of coordinates for the grid’s starting point.

Subclasses:

• RectifiedGridDomain: Adds offset (vector for spacing in each
direction).

• ReferenceableGridDomain: Adds coordinateGrid (array of ex-
plicit coordinates for each grid point, preserving topology).

Semantics: The domain ensures cells are locatable in real-world coordi-
nates, supporting skewed or warped grids.

3. RangeType Describes the range set’s structure, modelled as a record
from Sensor Web Enablement (SWE) standards [191]. Properties:

• hasField: Links to one or more Field instances.

Semantics: Defines the attribute types for cell values, supporting multi-
band rasters (e.g., 7-band Landsat imagery).

4. Field represents individual components of the range (e.g., a spectral
band).

Properties:

• name: Human-readable label (e.g., nir”).

• description: Textual explanation (e.g., Near infra-red part of the
spectrum”).

• definition: URI to an ontology term (e.g., OGC radiance prop-
erty).

• hasRange: Links to a Range subclass constraining values.

• hasNILValue: Links to NILValue for handling missing data.

• unitOfMeasure: Specified as a string according to the Unified Code
for Units of Measure (UCUM16) or by the Quantities, Units, Di-
mensions, and Types (QUDT) ontology [189] or an external UoM
definition via URI.

• isOptional and isUpdatable: Booleans for flexibility and muta-
bility.

Semantics: Fields allow for heterogeneous ranges, with array storage
for actual data.

5. Range (and Subclasses) Constrains allowable values for a field. Sub-
classes:

• IntervalRange: With low and high (e.g., 0–255 for grayscale).

16https://ucum.org/
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• EnumeratedRange: With values (explicit list).

• TypedRange: With dataType (e.g., xsd:integer or custom).

Semantics: Ensures data integrity and type safety in queries.

6. NILValue Handles null or invalid values. Properties:

• reason: URI to a human-readable explanation (e.g., “BelowDetec-
tionRange”).

• value: Single value or range denoting nil.

Semantics: Supports standards-compliant missing data representation.

4.5 Query Translation Layer

The core of the architecture (as illustrated in Figure 4.1) is the Query Transfor-
mation Layer, which processes the Ontop-generated SQL–SQL/MDA queries
and delegates their execution to the respective RDBMS and array DBMS. The
PostGIS functions embedded in the SQL part can be executed directly by
PostgreSQL via its PostGIS extension. We rely on PL/Python and PL/pgSQL
stored procedures to establish a connection between Ontop and RasDaMan,
federated via PostgreSQL via rasdapy, to enable smooth retrieval of metadata
for the relevant raster data and to enable the execution of suitable RaSQL
queries directly by RasDaMan.

Table 4.2: PL/Python stored procedures

Stored procedure Input arguments Output

geo2grid coords()
GEOMETRY regionWkt, DOUBLE minLon, DOUBLE

minLat, DOUBLE resLon, DOUBLE resLat
GEOMETRY regionGrid

query2numeric() STRING rasqlQuery DOUBLE value

query2array() STRING rasqlQuery DOUBLE[] array

4.5.1 PL/Python Stored Procedures

The stored procedures are specified in the PL/Python procedural language17,
which also supports all PostgreSQL and PostGIS functions, and rasdapy to con-
nect to RasDaMan. These procedures are stored in the rasdaman op schema of
the VectorTablesDB database in PostgreSQL. We elaborate now on the stored
procedures shown in Table 4.2.

• geo2grid coords(): Being a domain-agnostic array DBMS, RasDaMan
(RaSQL precisely) only supports array indices (i and j) or grid coordinates
(gridX and gridY) and does not consider any domain-specific coordinates,
such as geo-coordinates (i.e., longitude and latitude) natively. Therefore, we
devised this mapping function, inspired by a generic affine transformation

17https://www.postgresql.org/docs/current/plpython.html
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model [226], that translates geo-coordinates to corresponding grid coordinates,
accounting for the respective geographic coordinate reference system (CRS).
OntoRaster assumes that both vector and raster data use the OGC de-
fault CRS18 i.e., WGS84 longitude-latitude19). In practice, this function takes
five input arguments: regionWkt and minLon, minLat, resLon, and resLat

of the selected raster data. It returns a translated grid geometry of the cho-
sen region (regionGrid). This enables the user to send the geometry (poly-
gon or multi-polygon) of any region within the AOI to RasDaMan as a part
of the RaSQL query. The embedded geometry will be translated into grid
coordinates for use as input to RaSQL’s array operations to extract raster
data. For example, RaSQL’s ‘clip‘ operation can crop raster data based on
the translated geometry of a user-defined region. geo2grid coords() is also
extended to support complex geometries, such as polygons with holes (e.g., a
lake within a land) and multipolygons (e.g., islands) [86]. When dealing with
polygons containing holes, both the exterior ring and all interior rings (or holes)
are processed separately, and then merged in grid space. For multi-polygons,
this function employs a sophisticated approach that processes each constituent
polygon individually and transforms its coordinates into grid coordinates. The
function then attempts to merge these transformed polygons using Shapely’s
unary union operation. Shapely20 is a Python library for manipulating and
analysing planar geometric objects using the widely distributed open-source ge-
ometry library GEOS [85] (the engine of PostGIS), which conforms to OGC’s
simple feature access specification [109]. Suppose the merging operation fails
for any reason, such as tiny constituent polygons (e.g., a tiny island). In that
case, the function falls back to creating a new multi-polygon by combining the
remaining transformed polygons. Error handling and edge cases are also im-
plemented in geo2grid coords(), including checks for invalid geometries (e.g.,
those with zero area) or invalid WKT representations, and specific handling for
unsupported geometry types. It also mitigates potential failures in the trans-
formation process and polygon-merging operations, ensuring robust operation
even with complex input geometries.

• query2numeric(): Takes a RaSQL query as a string input and executes
it over raster data using RasDaMan’s supported array condenser operations21,
such as avg cells, max cells, etc. and retrieves aggregated numeric results
back to PostgreSQL.

• query2array(): Evaluates RaSQL queries over raster arrays using
RasDaMan-supported array operations22 such as clip, concatenation, scaling,
and retrieve filtered arrays back to PostgreSQL.

• query2string(): Evaluate simple rasql queries over raster arrays using
RasDaMan-supported simple array operations such as sdom() to retrieve the

18https://docs.ogc.org/is/18-058r1/18-058r1.html#crs-discovery
19https://epsg.io/4326
20https://shapely.readthedocs.io/en/stable/index.html
21https://doc.rasdaman.org/04_ql-guide.html#condensers
22https://doc.rasdaman.org/04_ql-guide.html#array-operations
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spatial dimension of raster data as a string.

4.5.2 PL/pgSQL Stored Procedures

• timestamp2grid(): RasDaMan treats timestamps as integers rather than
the true ”Date-Time” format. So, we introduced this PL/pgSQL23 function
that converts a timestamp from the ”DateTime” format to an integer format
(such as gridTime) that RasDaMan can understand.

4.6 SQL Translation

In VKGs, query answering is typically achieved via query reformulation. This
means translating SPARQL queries over the VKG into equivalent SQL queries
over the underlying relational data sources. In our case, however, reformulation
must go beyond standard SQL translation: it must also include generating
calls combined with raster functions to the RasDaMan. Ontop operates by
taking an ontology that represents the domain knowledge, along with mappings
that link the underlying database tables to the ontology. Designing mappings
is a crucial user-driven process for generating VKGs. Individual RDB2RDF
mappings exploit attributes from PostgreSQL to populate the RDF knowledge
graph. Therefore, it is necessary to formulate SQL queries that map individual
data attributes to their corresponding ontological concepts.

Figure 4.4: Relational table public.munich dist25 contains 25 Districts of
Munich stored in VectorTablesDB

As a running example with Munich, Figure 4.4 shows an excerpt from a
table public.munich dist25, containing vector data for all districts of Mu-
nich, including their attributes such as gid, which serves as a unique identifier
for each district; first bezi, which contains the district’s name; and geom,
which stores the geometry in hex-encoded WKB format. The PostGIS func-
tion ST AsText converts geometries from WKB to the widely adopted WKT
format, which is better suited for use in RDF representations.

23https://www.postgresql.org/docs/current/plpgsql-overview.html
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Several mappings have been established to connect the data attributes of
the :Region and :Raster classes. Note that the class :Region can designate
one or more arbitrary places within an area of interest, depending on the real-
world scenario or use case. Our running example, Munich, has two types of
regions: districts and sub-districts. To semantically designate districts and
sub-districts separately, we have introduced two subclasses of class :Region,
i.e., :Region District Munich and :Region SubDistrict Munich in the on-
tology level, along with the data properties geo:asWKT and rdfs:label. More
mappings for the rest of the AOIs are mentioned in section 5.2.3.

The listing below shows three example mappings for the districts of Mu-
nich. In the first mapping, class :Region District Munich is mapped to gid,
the primary key of the district table. The second and third mappings ex-
tend the remaining data properties, such as name (i.e., first bezi) and geom in
WKT serialisation (i.e., regionWkt), to all districts of Munich. Based on these
mappings, the vector geometries which are required for query answering are
retrieved at query execution time using the class :Region District Munich.
The source query (SQL) of the mapping contains a CASE statement that de-
termines whether the input region’s geometry is a polygon or a multipolygon,
as these are handled differently by the geo2grid coords function. This is a
necessary step to transform any single polygon represented as a multi-polygon
(which is technically possible but an inadequate representation) into its actual
polygonal form, thereby ensuring OGC compliance.

• Mappings for 25 Districts of Munich

1 mappingId Munich_Districts_id
2 target :vector/bavaria/munich/districts/{regionId} a :Region_District_Munich .
3 source SELECT gid AS regionId FROM public.munich_dist25
4
5 mappingId Munich_Districts_name
6 target :vector/bavaria/munich/districts/{regionName} rdfs:label

{regionName}^^xsd:string .
7 source SELECT gid AS regionId, first_bezi AS regionName FROM public.munich_dist25
8
9 mappingId Munich_Districts_regionWkt

10 target :vector/bavaria/munich/districts/{regionWkt} geo:asWKT
{regionWkt}^^geo:wktLiteral .

11 source SELECT gid AS regionId,
12 CASE
13 WHEN ST_NumGeometries(geom) = 1 THEN

ST_AsText(ST_GeometryN(geom, 1))
14 ELSE ST_AsText(geom)
15 END AS regionWkt
16 FROM public.munich_dist25

To explain our solution, we rely on the following example RasSPARQL
queryQex1, enquiring for those districts of Munich whose spatial average digital
elevation is above 515 meters at a specific timestamp (11th February, 2000):

• Qex1: Find all districts of Munich where the spatial average elevation is
more than 515 meters
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1 PREFIX : <https://github.com/aghoshpro/OntoRaster/>

2 PREFIX rdfs: <http://www.w3.org/2000/01/rdf-schema#>

3 PREFIX geo: <http://www.opengis.net/ont/geosparql#>

4 PREFIX rasdb: <https://github.com/aghoshpro/RasterDataCube/>

5

6 SELECT ?distName ?elevation {

7 ?region a :Region_District_Munich .

8 ?region rdfs:label ?distName ; geo:asWKT ?distWkt .

9 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

10 FILTER (CONTAINS(?rasterName, ’Elevation’))

11 BIND (’2000-02-11T00:00:00+00:00’^^xsd:dateTime AS ?timeStamp)

12 BIND (rasdb:rasSpatialAverage(?timeStamp, ?distWkt, ?rasterName) AS ?

elevation)

13 FILTER(?elevation > 515)

14 }

OntoRaster takes the aforementioned RasSPARQL as input and pro-
duces the following SQL translation, which is executed separately on the un-
derlying relational database PostgreSQL and the array database RasDaMan,
and outputs the respective districts and their spatially averaged elevation. The
generated SQL translation may appear poor and contain only 67 lines, given
that the example RasSPARQL query is simple. In practice, for a given com-
plex RasSPARQL query, we observed that the auto-generated SQL can be very
complex, with more than 200 lines, making it challenging for humans to formu-
late or comprehend without VKG. In a standard GIS workflow, the user must
manually specify the study regions of an AOI as polygons and load the corre-
sponding raster dataset. In contrast, our integrated approach, OntoRaster
leverages the capabilities of underlying relational and array databases con-
nected to respective ontologies via mappings to automatically retrieve relevant
vector geometries and raster data, enabling users to express queries in terms of
semantic entities (e.g.g, :Region District Munich for districts), rather than
low-level spatial coordinates. This simple RasSPARQL query illustrates the
benefit of using an ontology that operates at a higher level of abstraction, free-
ing the end user from knowing the underlying data structures (e.g., columns
and rows) of the database, i.e., relational or array.

• Translated SQL of corresponding RasSPARQL query Qex1

1 SELECT

2 V1."first_bezi" AS "first_bezi1m2",

3 RASDAMAN_OP.QUERY2NUMERIC (

4 CONCAT(

5 ’select avg_cells(clip(c[’,

6 RASDAMAN_OP.TIMESTAMP2GRID (’2000-02-11T00:00:00+00:00’,

V2."raster_name"),

7 ’, 0:* , 0:*]*’,

8 RASDAMAN_OP.GET_SCALEFACTOR (V2."raster_name"),

9 ’,’,

10 RASDAMAN_OP.GEO2GRID_COORDS (

11 CASE
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12 WHEN (ST_NUMGEOMETRIES (V1."geom") = 1) THEN ST_ASTEXT (ST_GEOMETRYN

(V1."geom", 1))

13 ELSE ST_ASTEXT (V1."geom")

14 END,

15 RASDAMAN_OP.GET_MIN_LONGITUDE (V2."raster_name"),

16 RASDAMAN_OP.GET_MAX_LATITUDE (V2."raster_name"),

17 RASDAMAN_OP.GET_RES_LON (V2."raster_name"),

18 RASDAMAN_OP.GET_RES_LAT (V2."raster_name")

19 ),

20 ’)) from ’,

21 V2."raster_name",

22 ’ as c’

23 )

24 ) AS "v0",

25 CASE

26 WHEN (ST_NUMGEOMETRIES (V1."geom") = 1) THEN ST_GEOMETRYN (V1."geom",

1) IS NOT NULL

27 ELSE V1."geom" IS NOT NULL

28 END AS "v1"

29 FROM

30 "munich_dist25" V1,

31 "raster_lookup" V2

32 WHERE

33 (

34 CASE

35 WHEN (ST_NUMGEOMETRIES (V1."geom") = 1) THEN ST_GEOMETRYN (V1."geom",

1) IS NOT NULL

36 ELSE V1."geom" IS NOT NULL

37 END

38 AND (

39 CAST(

40 RASDAMAN_OP.QUERY2NUMERIC (

41 CONCAT(

42 ’select avg_cells(clip(c[’,

43 RASDAMAN_OP.TIMESTAMP2GRID (’2000-02-11T00:00:00+00:00’,

V2."raster_name"),

44 ’, 0:* , 0:*]*’,

45 RASDAMAN_OP.GET_SCALEFACTOR (V2."raster_name"),

46 ’,’,

47 RASDAMAN_OP.GEO2GRID_COORDS (

48 CASE

49 WHEN (ST_NUMGEOMETRIES (V1."geom") = 1) THEN ST_ASTEXT

(ST_GEOMETRYN (V1."geom", 1))

50 ELSE ST_ASTEXT (V1."geom")

51 END,

52 RASDAMAN_OP.GET_MIN_LONGITUDE (V2."raster_name"),

53 RASDAMAN_OP.GET_MAX_LATITUDE (V2."raster_name"),

54 RASDAMAN_OP.GET_RES_LON (V2."raster_name"),

55 RASDAMAN_OP.GET_RES_LAT (V2."raster_name")

56 ),

57 ’)) from ’,

58 V2."raster_name",

59 ’ as c’

60 )

61 ) AS DOUBLE PRECISION

62 ) > 515::DOUBLE PRECISION
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63 )

64 AND (POSITION(’Elevation’ IN V2."raster_name") > 0)

65 AND V1."first_bezi" IS NOT NULL

66 AND V2."raster_name" IS NOT NULL

67 )

Now, if the user wishes to query for the sub-districts of Munich with
similar raster data, then they just need to change the class name, e.g.,
:Region SubDistrict Munich in place of :Region District Munich as shown
in the second example RasSPARQL query Qex2 below. The query retrieves all
sub-districts of Munich from the underlying database according to the map-
ping below, and then links the corresponding ontology to the underlying data
sources.

• Mappings for 105 Sub-Districts of Munich

1 mappingId Munich_Sub_Districts_id
2 target :vector/bavaria/munich/subdistricts/{regionId} a :Region_SubDistrict_Munich .
3 source SELECT gid AS regionId FROM public.munich_subdist105
4
5 mappingId Munich_Sub_Districts_name
6 target :vector/bavaria/munich/subdistricts/{regionId} rdfs:label

{regionName}^^xsd:string .
7 source SELECT gid AS regionId, name AS regionName FROM public.munich_subdist105
8
9 mappingId Munich_Sub_Districts_regionWkt

10 target :vector/bavaria/munich/subdistricts/{regionId} geo:asWKT
{regionWkt}^^geo:wktLiteral .

11 source SELECT gid AS regionId,
12 CASE
13 WHEN ST_NumGeometries(geom) = 1 THEN

ST_AsText(ST_GeometryN(geom, 1))
14 ELSE ST_AsText(geom)
15 END AS regionWkt
16 FROM public.munich_subdist105

• Qex2: Find all sub districts of Munich where the spatial average elevation
is more than 515 meters

1 PREFIX : <https://github.com/aghoshpro/OntoRaster/>

2 PREFIX rdfs: <http://www.w3.org/2000/01/rdf-schema#>

3 PREFIX geo: <http://www.opengis.net/ont/geosparql#>

4 PREFIX rasdb: <https://github.com/aghoshpro/RasterDataCube/>

5

6 SELECT ?distName ?elevation {

7 ?region a :Region_SubDistrict_Munich . # inplace of Region_District_Munich

8 ?region rdfs:label ?distName ; geo:asWKT ?distWkt .

9 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

10 FILTER (CONTAINS(?rasterName, ’Elevation’))

11 BIND (’2000-02-11T00:00:00+00:00’^^xsd:dateTime AS ?timeStamp)

12 BIND (rasdb:rasSpatialAverage(?timeStamp, ?distWkt, ?rasterName) AS ?

elevation)

13 FILTER(?elevation > 515)

14 }
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4.7 Conformance to International Standards

In our methodology and its implementation, i.e., OntoRaster, we adhere to
many international standards from the World Wide Web Consortium (W3C),
Open Geospatial Consortium (OGC), and ISO, as listed in Table 4.3.

Sl. Body Name Latest By Url Remark
1 W3C OWL2 2004 link Ontology language for knowledge graphs
2 W3C SPARQL 1.1 2013 link RDF query language
3 W3C RDF 1.1 2014 link Graph-based data model
4 W3C RDFS 1.1 2014 link RDF vocabulary schema
5 W3C R2RML 2012 link RDB to RDF mapping

6 OGC WKT 2.1 2023 link Vector geometry encoding format
7 OGC CityGML 3.0 2021 link 3D city semantic model
8 OGC CityJSON 2.0 2023 link JSON encoding of CityGML
9 OGC GeoSPARQL 1.1 2024 link Spatial RDF query standard
10 OGC CoverageJSON 1.0 2023 link JSON encoding for coverages
11 OGC GeoTIFF 1.1 2019 link Georeferenced raster format
12 OGC NetCDF 1.0 2011 link Multidimensional array data format

13 ISO 6709 Geographic location 2022 link Standard representation of geo-coordinates
14 ISO 8601 Date-Time 2019 link International Date-Time format
15 ISO 19111 CRS 2019 link Coordinate Reference System
16 ISO 19125-1 SFA Part 1 2011 link Common Architecture
17 ISO 19125-2 SFA Part 2 2010 link SQL Option
18 ISO 19123-1 Part 1 - Fundamentals 2023 link Schema for coverage geometry and functions
19 ISO 19123-2 CIS Part 2 2018 link Coverage Implementation Schema
20 ISO 9075-15:2023 Part 15 - SQL/MDA 2018 link SQL for Multidimensional Arrays

Table 4.3: Global standards considered in OntoRaster

4.8 Conclusion

We have presented OntoRaster, a novel extended VKG framework that,
for the first time, enables on-the-fly querying of multidimensional raster data
combined with relational data, including vector data, by connecting the array
DBMS RasDaMan to the VKG system Ontop. To achieve this, we defined
the RasSPARQL language by extending SPARQL with custom raster functions
to query over VKGs. We then developed a query transformation system that
includes several stored procedures defined in PL/Python and PL/pgsql, en-
abling PostgreSQL to serve as a federator between the VKG engine Ontop
and diverse data sources (e.g., raster and relational). It routes the translated
SQL-SQL/MDA query from Ontop to the corresponding data sources in the
RDBMS & array DBMS, as specified in the RasSPARQL query, and executes
them separately. After execution, the retrieved sub-answers (which contain
relational and raster arrays) are joined and returned to Ontop to generate a
virtual knowledge graph that answers the user’s semantic query. The most
notable contribution of this chapter is its utilisation of the array-handling
capabilities of an array DBMS, i.e., RasDaMan, to execute queries on large
raster datasets in their original multidimensional array format, without con-
version. This eliminates the need for costly raster data transfer into relational
databases. OntoRaster supports a wide range of queries, limited only by
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the data-processing and functional capabilities of PostgreSQL (RDBMS) and
RasDaMan (array DBMS).
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Chapter 5

OntoRaster in Action

OntoRaster ensures efficiency, scalability, and minimal overhead during
query answering over raster data, combined with relational data and linked
data. The latest version of the OntoRaster framework is available as open-
source on Github1. The chapter provides an overview of the OntoRaster
workflow and several practical queries with results to demonstrate the applica-
tion of OntoRaster. This chapter is based on the papers [87, 86].

5.1 Overall Work Flow

Essential components of traditional VKG systems [233] : (i) the conceptual
layer formed by the ontology; (ii) the data layer supplied by the data sources;
and (iii) the mapping layer encompassing the declarative specification that
associates each (class and property) symbol in the ontology with a (SQL) view
over (potentially federated) data. It is this mapping layer that separates the
queried virtual instance from the physical data contained in the data sources.

Systems that rely on the VKG framework, i.e., OntoRaster, typically
adapt the following workflow for query answering:

1. Initialisation : The system initially loads the ontology, mappings, and
data-source configurations, performing auxiliary preprocessing tasks such
as schema alignment and optional reasoning or inference materialisation
to prepare the semantic layer via mapping integration.

2. Query Input : A user submits a query over the ontology vocabulary
(typically SPARQL or SQL via a BI interface), expressed independently
of the underlying data schemas.

3. Query rewriting phase : The input query is transformed into a more
complex query that incorporates the inferences derived from the inten-
sional level of the ontology.

1https://github.com/aghoshpro/OntoRaster.git
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4. Query Translation : The rewritten query is translated into source-
specific queries based on user-defined mapping assertions and executed on
the corresponding systems (e.g., relational/vector queries in an RDBMS
and raster queries delegated to specialised engines such as RasDaMan).

5. Query Execution : The data query is executed on the original data
source, generating answers based on the data source schema. These an-
swers are then translated into the ontology vocabulary and RDF data
types, yielding a response to the original query.

6. Assembly of Sub-Query Results: Partial results returned from het-
erogeneous sources via sub queries. These results are integrated at the
VKG layer and translated into ontology-compliant RDF triples.

7. Query Output : Final results are returned to the user and may optionally
be visualised through geospatial interfaces for integrated exploration of
vector and raster data.

5.2 VKG specification

5.2.1 Ontology (O)
OntoRaster relies on the GeoSPARQL 1.1 ontology describing the semantics
of vector geometries and on the Raster Ontology (prefix rasdb:), which repre-
sentsN -dimensional generic raster data or coverage based on the OGC CIS v1.1
Standard. OntoRaster adopted the GeoNames v3.3 ontology (prefix gn:),
which exposes the semantics of 12 million unique geographical point features
with names including alternate and translated names, population, time-zone,
geo coordinates, etc. OntoRaster relies on the LinkedGeoData ontology (pre-
fix lgdo:), integrates OSM building data with different types of raster data.
For CityGML 3D building data, OntoRaster adopted the most well-known
CityGML ontology2 (prefix bldg:), which is developed by the Knowledge En-
gineering @ CUI group at the University of Geneva. All the used prefixes are
listed in Table 5.1, which refer to the base namespaces of the auxiliary vocab-
ularies used in RasSPARQL queries within the OntoRaster framework.

5.2.2 Data Sources (S)
Data sources depend on the study area of interest. We have selected four differ-
ent areas of interest (AOIs) across the EU, as shown in Figure 5.1, with increas-
ing area, geometric complexity, research group diversity, and data availability.
These four AOIs are Munich (city), Bavaria (state), South Tyrol (province),
and Sweden (country). OntoRaster is compatible with any AOIs that en-
compass datasets of similar types, but is not restricted to them.

2https://cui.unige.ch/isi/ke/ontologies
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Table 5.1: List of prefixes used for RasSPARQL queries

Prefix IRI Namespace
: https://github.com/aghoshpro/OntoRaster/

gn https://www.geonames.org/ontology#

geo http://www.opengis.net/ont/geosparql#

geof http://www.opengis.net/def/function/geosparql/

rdfs http://www.w3.org/2000/01/rdf-schema#

lgdo http://www.linkedgeodata.org/ontology/

bldg http://www.opengis.net/citygml/building/2.0/

rasdb https://github.com/aghoshpro/RasterDataCube/

(a) Munich
(311.20 km2)

(b) S.Tyrol
(7,400 km2)

(c) Bavaria
(70,550 km2)

(d) Sweden
(450,295 km2)

Figure 5.1: Four Different AOIs

In our work, we represent vector data using one or more relational tables
for every AOI, stored in VectorTablesDB database within PostgreSQL. Every
AOI table has exactly one geometry column, which is associated with a spatial
reference system (SRS) that identifies the coordinate system for all geometric
objects stored in the column and provides meaning for the numerical coordinate
values of those objects. All of the relevant vector data for each AOI are obtained
as shapefiles from respective sources and imported into separate tables within
VectorTablesDB as illustrated in Fig. 5.2 as a suitable default SQL binary
object format Well-Known Binary (WKB) (in hex format) by utilising the
shp2pgsql3 data loader.

Notice that, for better illustration, we have used convenient names for the
tables and their columns (e.g., regionId, regionName, regionWkb, etc.) in
VectorTablesDB. However, any other user-preferred name would have been
acceptable, provided it was used consistently across the VKG mappings that
link the respective ontologies to heterogeneous data sources (both vector and
raster).

Raster data are stored within RasDaMan using ingredients and recipes.
Table 5.2 showing Raster Lookup, a singular table that maintains the necessary

3https://postgis.net/docs/using_postgis_dbmanagement.html#shp2pgsql_usage
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SubDistricts of Munich
regio

Id regionNaregionGeometr
(in hex) County Area

(sq.
region

ATTRIBU
region

ATTRIBUT

7 LinköpingEA357484080CÖstergötla1356.6 ..... .....
59 Göteborg1806018003574 V 2856.3 ..... .....
.... .... .... .... .... ..... .....

p Stockholm05BF9FF4D372Stockholm820.15 ..... .....

Municipalities of South Tyrol
regio

Id
region
Name regionWkb  Populati region

ATTRIBUT
02 SarentinoA40809700E0FE56 6,863 ....
10 Castelrott073372A407090FF 6,456 ....
.... .... .... .... ....
q Bolzano 3574840405BF9FF103,135. ....

VectorTablesDB

Contains one or more ROI
tables based on 

user specific scenario)

Municipalities of Sweden
regio

Id
region
Name regionWkb  County

Area
(sq.

il )

region
ATTRIBUT

region
ATTRIBUT

12 Linköping  EA357484080CÖstergötla1356.6 ..... .....
77 Göteborg  180601800357 V 2856.3 ..... .....
.... .... .... .... .... ..... .....

w Stockholm 05BF9FF4D37Stockholm820.15 ..... .....

Districts of Munich
regio

Id
region
Name regionWkb  County Area

(sq.
region

ATTRIBU
region

ATTRIBUT

12 Altstadt- EA357484080Östergötla1356.6 ..... .....
77 Sendling 180601800357 V 2856.3 ..... .....
.... .... .... .... .... ..... .....

q Moosach 05BF9FF4D37Stockholm820.15 ..... .....

Towns of Bavaria
regio

Id regionNaregionGeometr
(in hex) County Area

(sq.
region

ATTRIBU
region

ATTRIBUT

2 LinköpingEA357484080CÖstergötla1356.6 ..... .....
330 Göteborg1806018003574 V 2856.3 ..... .....
.... .... .... .... .... ..... .....

s Stockholm05BF9FF4D372Stockholm820.15 ..... .....

Districts of Bavaria
regio

Id
region
Name regionWkb  County Area

(sq.
region

ATTRIBU
region

ATTRIBUT

54 LinköpingEA357484080CÖstergötla1356.6 ..... .....
90 Göteborg1806018003574 V 2856.3 ..... .....
.... .... .... .... .... ..... .....

t Stockholm05BF9FF4D372Stockholm820.15 ..... .....

Raster Lookup
raster

id
raster
name ...

18
110
...
r

Figure 5.2: VectorTablesDB containing tables for AOIs and Raster Lookup

metadata of the raster datasets and is stored within VectorTablesDB. The
entire lookup table is available at Github4.

Table 5.2: Raster Lookup

raster id raster name field id field name fill nan scale factor min lon max lon . . .

18 Sweden Surface Temperature 36 LST Night 1km 0 0.02 10.958333332 24.17499999 . . .
41 Bavaria Temperature MODIS 1km 59 LST Night 1km 0 0.02 8.974999999 13.841666665 . . .
64 South Tyrol Temperature MODIS 1km 82 LST Night 1km 0 0.02 10.38333333 12.48333333 . . .
87 Munich SRTM Elevation 30m 105 SRTMGL1 DEM -32768 1 11.360694444 11.7231944444
110 Munich MODIS Temperature 1km 128 LST Night 1km 0 0.02 11.35833333 11.72499999 . . .
133 Munich MODIS NDVI 250m 151 NDVI -3000 0.0001 11.3604166656 11.724999998 . . .
156 Munich MODIS SnowCover 500m 174 SnowCover 200 1 11.358333332 11.724999998 . . .
179 Munich ECOSTRESS SoilMoisture 70m 197 SoilMoisture nan 1 11.36055525728 11.72328651 . . .

We now discuss each dataset for each AOI considered in this thesis. Starting
with Munich, as it has the widest variety of available datasets, as shown in
Figure 5.3.

5.2.2.1 Munich

Munich, the capital of Bavaria, Germany, and its surrounding functional ur-
ban area (approx. 311.20 km2), i.e., densely populated city centres integrated
with the surrounding labour market (commuting zone through high travel-to-
work flow, as defined by EU-OECD [66]). Figure 5.3 displays different types of
geospatial data about Munich (each small box in the upper-right corner pro-
vides a zoomed-in view of the data), and their information is shown in Table 5.3.
We are using 25 districts (Figure 5.3a) and 105 sub-districts (Figure 5.3b) of
Munich as our primary vector data. Additionally, OpenStreetMap (OSM) data
from Geofabrik Server5 for Oberbayern and clipped based on the spatial extent
of Munich. CityGML LoD2 building data (in .gml) format is obtained from the
Bavarian Surveying Administration Open Data Portal6 as shown in Figure 5.3c.
Finally, five distinct types of raster data with varying fields and resolutions

4https://github.com/aghoshpro/OntoRaster/tree/main?tab=readme-ov-file#

52-raster-data-darr
5https://download.geofabrik.de/europe/germany/bayern/oberbayern.html
6https://geodaten.bayern.de/opengeodata/
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(a) 25 Districts (b) 105 Subdistricts
(c)
CityGML 3D!Buildings

(d) OSM 2D Buildings (e) SRTM Elevation (f) MODIS Temperature

(g) MODIS NDVI (h) NDSI Snow Cover (i) ECO Soil Moisture

Figure 5.3: Heterogeneous geospatial data over Munich

(both spatial and temporal) from NASA and ESA, are considered. These in-
clude the SRTM digital elevation data [78] (Figure. 5.3e), MODIS Temperature
data [225] (Figure 5.3f), MODIS Vegetation (NDVI) [65] (Figure 5.3g), MODIS
Snow Cover (NDSI) data [99] (Figure 5.3h) and ECOSTRESS Soil Moisture
data [113] (Figure 5.3i).

Table 5.3: Munich’s Data Information

Data Data Source Feature Feature Spatial Temporal
Type Field and Sensors Unit Count Resolution Resolution

(a) Relational 25 Districts - point 4820 - -
(b) Relational 105 Sub-districts - point 6692 - -
(c) Relational 184K+ 2D Bldg Footprints OSM point 3285853 - -
(d) Relational 184K+ 3D Buildings CityGML point 5513088 - -
(e) Raster Elevation SRTM pixel 873010 30m x 30m -
(f) Raster Land Temperature MODIS pixel 1012 1km x 1km daily
(g) Raster NDVI Vegetation MODIS pixel 15925 250m x 250m 16 days
(h) Raster Snow Cover NDSI pixel 4048 500m x 500m daily
(i) Raster Soil Moisture ECOSTRESS pixel 3513088 70m x 70m seconds

5.2.2.2 South Tyrol (province)

Figure 5.4 displays all the geospatial data which are considered for South Tyrol,
Italy. We consider 116 municipalities (Figure 5.4a) in South Tyrol as primary
vector data, with the capital, Bolzano, shown in yellow. For more complex vec-
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tor data, we consider the 2D footprint of OSM buildings data. GeoNames point
feature data is also considered. MODIS Temperature data [225](Figure 5.4c)
and SRTM digital elevation data [78](Figure 5.4d) are selected as raster data.

(a) 116 Municipals (b) OSM Buildings (c) MODIS Temp (d) SRTM Elevation

Figure 5.4: Heterogeneous geospatial data over South Tyrol

Table 5.4: Tyrol’s Data Information

Data Data Source Feature Feature Spatial Temporal
Type Field and Sensors Unit Count Resolution Resolution

(a) Relational 116 Municipalities GADM point 116 - -
(b) Relational 2D Bldg Footprints OSM point 3285853 - -
(c) Raster Elevation SRTM pixel 873010 30m x 30m -
(d) Raster Land Temperature MODIS pixel 1012 1km x 1km daily

5.2.2.3 Bavaria (state)

Figure 5.5 displays all the geospatial data of Bavaria State, Germany, which are
considered here. As primary vector data, we selected 96 districts (Figure 5.5a)
and 2238 towns (Figure 5.5b) in Bavaria, with the capital, Munich, shown in
yellow. For more complex vector data, we consider the 2D footprint of OSM
buildings data. GeoNames point feature data are also considered. MODIS
Temperature data [225] is chosen for raster data (Figure 5.5d) .

(a) 96 Districts (b) 2238 Towns (c) OSM Buildings (d) MODIS Temp

Figure 5.5: Heterogeneous geospatial data over Bavaria

5.2.2.4 Sweden (country)

Figure 5.6 displays all the geospatial data of Sweden. As the primary vec-
tor dataset, we selected 290 municipalities (kommuns) (Figure 5.6a) and 21
counties (Figure 5.6b) in Sweden, with the capital, Stockholm, shown in yel-
low. GeoNames point feature data is also considered. For raster data we
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Table 5.5: Bavaria’s Data Information

Data Data Source Feature Feature Spatial Temporal
Type Field and Sensors Unit Count Resolution Resolution

(a) Relational 96 Districts GADM point 96 - -
(b) Relational 2238 Towns GADM point 2238 - -
(c) Relational 2D Bldg Footprints OSM point 3285853 - -
(d) Raster Land Temperature MODIS pixel 1012 1km x 1km daily

chose MODIS Temperature data [225](Figure 5.6c) and SRTM digital eleva-
tion data [78](Figure 5.6d).

(a) 290 Municipals (b) 21 Counties (c) SRTM Elevation (d) MODIS Temp

Figure 5.6: Heterogeneous geospatial data over Sweden

Table 5.6: Sweden’s Data Information

Data Data Source Feature Feature Spatial Temporal
Type Field and Sensors Unit Count Resolution Resolution

(a) Relational 290 Municipalities GADM point 4820 - -
(b) Relational 21 Counties GADM point 6692 - -
(c) Relational 2D Bldg Footprints OSM point 3285853 - -
(e) Raster Elevation SRTM pixel 873010 30m x 30m -
(f) Raster Land Temperature MODIS pixel 1012 1km x 1km daily
(h) Raster Snow Cover NDSI pixel 4048 500m x 500m daily

5.2.3 Mappings (M)

Designing mappings is a crucial user-driven process in the construction of
Virtual Knowledge Graphs (VKGs). As previously mentioned in the section
4.6, VKG mappings establish declarative correspondences between heteroge-
neous data sources and domain ontologies, enabling the generation of a virtual
RDF knowledge graph at query time. In practice, mappings exploit relational
database attributes (e.g., from PostgreSQL) by defining SQL queries that map
source data attributes to their corresponding ontological classes and properties,
thereby enabling SPARQL queries to be translated into executable database
queries. Thus, for different data sources, suitable mappings must be designed to
connect them to the corresponding ontologies. In this dissertation, we have sev-
eral AOIs, each with different sets of regions: Bavaria has towns and districts,
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South Tyrol has only provinces, and Sweden has municipalities and states. In
general, for an arbitrary AOI and its regions, mappings must be designed. For
each of the aforementioned AOIs considered in this work, we have outlined
mappings to the corresponding subclasses, :Region Bavaria, :Region Tyrol,
and :Region Sweden, which also exist in the corresponding ontologies. The
reader is referred to the GitHub repository7 for more details.

• Mappings for 116 Municipalities of South Tyrol, Italy

1 mappingId Get_region_class_table_south_tyrol
2 target :vector/tyrol/{regionId} a :Region_Tyrol .
3 source SELECT gid AS regionId FROM public.region_south_tyrol
4
5 mappingId mapping_regionName_south_tyrol
6 target :vector/tyrol/{regionId} rdfs:label {regionName}^^xsd:string .
7 source SELECT gid AS regionId, name_3 AS regionName FROM public.region_south_tyrol
8
9 mappingId mapping_region_regionWkt_south_tyrol

10 target :vector/tyrol/{regionId} geo:asWKT {regionWkt}^^geo:wktLiteral .
11 source SELECT gid AS regionId,
12 CASE
13 WHEN ST_NumGeometries(geom) = 1 THEN

ST_AsText(ST_GeometryN(geom, 1))
14 ELSE ST_AsText(geom)
15 END AS regionWkt
16 FROM public.region_south_tyrol

• Mappings for 96 Districts of Bavaria, Germany

1 mappingId Get_region_class_table_bavaria
2 target :vector/bavaria/{regionId} a :Region_Bavaria .
3 source SELECT gid AS regionId FROM public.region_bavaria
4
5 mappingId mapping_regionName_bavaria
6 target :vector/bavaria/{regionId} rdfs:label {regionName}^^xsd:string .
7 source SELECT gid AS regionId, name_2 AS regionName FROM public.region_bavaria
8
9 mappingId mapping_region_regionWkt_bavaria

10 target :vector/bavaria/{regionId} geo:asWKT {regionWkt}^^geo:wktLiteral .
11 source SELECT gid AS regionId,
12 CASE
13 WHEN ST_NumGeometries(geom) = 1 THEN

ST_AsText(ST_GeometryN(geom, 1))
14 ELSE ST_AsText(geom)
15 END AS regionWkt
16 FROM public.region_bavaria

• Mappings for 290 Municipalities (kommuns) of Sweden

1 mappingId Get_region_class_table_sweden
2 target :vector/sweden/{regionId} a :Region_Sweden .
3 source SELECT gid AS regionId FROM public.region_sweden
4
5 mappingId mapping_regionName_sweden
6 target :vector/sweden/{regionId} rdfs:label {regionName}^^xsd:string .
7 source SELECT gid AS regionId, name_2 AS regionName FROM public.region_sweden
8
9 mappingId mapping_region_regionWkt_sweden

10 target :vector/sweden/{regionId} geo:asWKT {regionWkt}^^geo:wktLiteral .

7https://github.com/aghoshpro/OntoRaster.git
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11 source SELECT gid AS regionId,
12 CASE
13 WHEN ST_NumGeometries(geom) = 1 THEN ST_AsText(ST_GeometryN(geom,

1))
14 ELSE ST_AsText(geom)
15 END AS regionWkt
16 FROM public.region_sweden

5.3 Semantic Query Answering and Results

Here we provide three types of RasSPARQL queries: simple, spatial (aggrega-
tion and filtering), and spatial-temporal (aggregation and filtering) to demon-
strate query answering over virtually integrated vector and raster data, and the
corresponding results obtained from OntoRaster. A combination of them,
along with many query types, is feasible and is limited only by RasDaMan’s
ability to handle multidimensional arrays. We will list different types of queries,
ranging from simple to complex, encompassing various raster and vector data.
All other possible queries can be found in Appendix A.

QSimple is a simple raster query that retrieves dimension information of the
input raster data. Query QCellOp conducts element-wise operations on raster
array cells.

• QSimple: Find all current raster datasets and their dimension

1 PREFIX : <https://github.com/aghoshpro/OntoRaster/>

2 PREFIX rasdb: <https://github.com/aghoshpro/RasterDataCube/>

3

4 SELECT ?rasterName ?dimension {

5 ?gridCoverage a :Raster .

6 ?gridCoverage rasdb:rasterName ?rasterName .

7 FILTER (CONTAINS(?rasterName, ’’))

8 BIND (rasdb:rasDimension(?rasterName) AS ?dimension)

9 }

• QCellOp: Perform element-wise operation over a raster array cells with
user-specific operator and operand on a specific timestamp and return
the array

1 PREFIX : <https://github.com/aghoshpro/OntoRaster/>

2 PREFIX rasdb: <https://github.com/aghoshpro/RasterDataCube/>

3

4 SELECT ?array {

5 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

6 FILTER (CONTAINS(?rasterName, ’Sweden_Surface_Temperature’))

7 BIND (’*’ AS ?operator)

8 BIND (0.02 AS ?operand)

9 BIND (’2022-04-18T00:00:00+00:00’^^xsd:dateTime AS ?timeStamp)

10 BIND (rasdb:rasCellOp(?timeStamp, ?operator, ?operand, ?rasterName) AS

?array)

11 }
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Spatial (QS). RasSPARQL query QS targets districts of Munich, Ger-
many, to identify those exceeding a spatial average elevation of 515 meters—a
threshold potentially indicative of topographic influences on microclimates, ur-
ban planning, or ecological zoning.

• QS : Find all districts of Munich where the spatial average elevation is
more than 515 meters.

1 PREFIX : <https://github.com/aghoshpro/OntoRaster/>

2 PREFIX geo: <http://www.opengis.net/ont/geosparql#>

3 PREFIX rdfs: <http://www.w3.org/2000/01/rdf-schema#>

4 PREFIX rasdb: <https://github.com/aghoshpro/RasterDataCube/>

5

6 SELECT ?distName ?elevation {

7 ?region a :Region_District_Munich .

8 ?region rdfs:label ?distName .

9 ?region geo:asWKT ?distWkt .

10 ?gridCoverage a :Raster .

11 ?gridCoverage rasdb:rasterName ?rasterName .

12 FILTER (CONTAINS(?rasterName, ’Elevation’))

13 BIND (’2000-02-11T00:00:00+00:00’^^xsd:dateTime AS ?timeStamp)

14 BIND (rasdb:rasSpatialAverage(?timeStamp, ?distWkt, ?rasterName) AS ?

elevation)

15 FILTER(?elevation > 515)

16 }

Leveraging ontologies such as GeoNames (gn), GeoSPARQL (geo), and
RDF Schema (rdfs), alongside custom namespaces for RasterDataCube
(rasdb), the query constructs a multifaceted retrieval. It begins by
defining regional entities (?region) as labelled districts (?distName)
with WKT geometries (?distWkt). These are intersected with raster
coverages (?gridCoverage) linked with ?rasterName to filter out ”El-
evation” raster among other rasters and are bound by a fixed times-
tamp (2000-02-11T00:00:00+00:00). The core computation employs
the rasSpatialAverage function from the Raster ontology to compute
mean elevations (?elevation) across district geometries, applying a strict
filter (>515) to retain only qualifying entries, i.e., the nineteen districts.
Figure 5.7 reveals the nineteen resultant districts with their respective
spatial average elevation based on the query constraint.

• QS−viz: Find and visualise all districts of Munich where the spatial av-
erage elevation is more than 515 meters.

1 PREFIX : <https://github.com/aghoshpro/OntoRaster/>

2 PREFIX geo: <http://www.opengis.net/ont/geosparql#>

3 PREFIX rdfs: <http://www.w3.org/2000/01/rdf-schema#>

4 PREFIX rasdb: <https://github.com/aghoshpro/RasterDataCube/>

5

6 SELECT ?distName ?elevation ?distWkt {

7 ?region a :Region_District_Munich .

8 ?region rdfs:label ?distName .

9 ?region geo:asWKT ?distWkt .
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Figure 5.7: Resultant 19 districts of Munich whose elevation > 515 meter

10 ?gridCoverage a :Raster .

11 ?gridCoverage rasdb:rasterName ?rasterName .

12 FILTER (CONTAINS(?rasterName, ’Elevation’))

13 BIND (’2000-02-11T00:00:00+00:00’^^xsd:dateTime AS ?timeStamp)

14 BIND (rasdb:rasSpatialAverage(?timeStamp, ?distWkt, ?rasterName) AS ?

elevation)

15 FILTER(?elevation > 515)

16 }

This RasSPARQL QS−viz extends the prior query QS by incorporating
district geometries (?distWkt) into the SELECT clause, enabling carto-
graphic rendering of WKT polygons of resultant 19 districts of Munich
over OpenStreetMap as depicted in Figure 5.8. This result vividly illus-
trates urban elevational disparities of Munich’s topography. In a broader
sense, this integration of query results with visualisation empowers dy-
namic geospatial analysis, aiding urban ecology and planning research by
revealing patterns in terrain-driven vulnerabilities. Query formulation
also leverages ontologies such as GeoNames (gn), GeoSPARQL (geo),
and RDF Schema (rdfs), as well as (rasdb), a custom namespace for
raster data.

Spatial-Temporal (QST ). The presented RasSPARQL query QST tar-
gets districts of Munich, Germany, to identify those with an average elevation
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Figure 5.8: Visualizing resultant 19 districts of Munich whose elevation > 515m

exceeding 515 meters—a threshold potentially indicative of topographic influ-
ences on microclimates, urban planning, or ecological zoning.

• QST : Find maximum temperature for all districts of Munich over the
time frame between 01st January, 2022 and 01st January, 2024.

1 PREFIX : <https://github.com/aghoshpro/OntoRaster/>

2 PREFIX rdfs: <http://www.w3.org/2000/01/rdf-schema#>

3 PREFIX geo: <http://www.opengis.net/ont/geosparql#>

4 PREFIX rasdb: <https://github.com/aghoshpro/RasterDataCube/>

5

6 SELECT ?distName ?tempK {

7 ?region a :Region_District_Munich ; rdfs:label ?distName ;

8 geo:asWKT ?distWkt .

9 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

10 FILTER (CONTAINS(?rasterName, ’Munich_MODIS_Temperature_1km’))

11 BIND (’2022-01-01T00:00:00+00:00’^^xsd:dateTime AS ?startTimeStamp)

12 BIND (’2024-01-01T00:00:00+00:00’^^xsd:dateTime AS ?endTimeStamp)

13 BIND (rasdb:rasTemporalMaximum(?startTimeStamp, ?endTimeStamp, ?

distWkt, ?rasterName) AS ?tempK)

14 }

This query formulation begins by defining regional entities (?region)
as labelled districts (?distName) with WKT geometries (?dist-
Wkt). These are intersected with raster coverages (?gridCoverage)
named for temperature data (?rasterName), filtered to con-
tain ”Temperature” and bound to a fixed timeframe defined by
?startTimeStamp (2022-01-01T00:00:00+00:00) and ?endTimeStamp

(2024-01-01T00:00:00+00:00). The core computation employs the
rasTemporalMaximum function derive the maximum temperature
(?elevation) across district geometries. This query yields only quali-
fying entries, i.e., the resultant twenty-five districts as depicted in the
Figure 5.9 based on the query constraint.
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Figure 5.9: Resultant 25 districts of Munich

• QST−viz: Find and visualise maximum temperature for all districts of
Munich over the time frame between 01st January, 2022 and 01st January,
2024.

1 SELECT ?distName ?tempK ?distWkt {

2 ?region a :Region_District_Munich ; rdfs:label ?distName ; geo:asWKT ?

distWkt .

3 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

4 FILTER (CONTAINS(?rasterName, ’Munich_MODIS_Temperature_1km’))

5 BIND (’2022-01-01T00:00:00+00:00’^^xsd:dateTime AS ?startTimeStamp)

6 BIND (’2024-01-01T00:00:00+00:00’^^xsd:dateTime AS ?endTimeStamp)

7 BIND (rasdb:rasTemporalMaximum(?startTimeStamp, ?endTimeStamp, ?

distWkt, ?rasterName) AS ?tempK)

8 }

This RasSPARQL QST−viz extends the prior query QST by incorporat-
ing district geometries (?distWkt) into the SELECT clause, enabling car-
tographic rendering of WKT polygons of resultant 25 districts of Munich
over OpenStreetMap as depicted in Figure 5.10.
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Figure 5.10: Visualising the resultant 25 districts of Munich
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5.3.1 Region Geometries + Raster Data

In this section, we will list additional RasSPARQL queries (without prefixes)
that integrate raster data with simple vector data.

• QS1: Find all sub-districts of Munich whose spatial average elevation is
above 515 meters

1 SELECT ?distName ?elevation ?distWkt ?distWktColor{

2 ?region a :Region_SubDistrict_Munich .

3 ?region rdfs:label ?distName .

4 ?region geo:asWKT ?distWkt .

5 ?gridCoverage a :Raster .

6 ?gridCoverage rasdb:rasterName ?rasterName .

7 FILTER (CONTAINS(?rasterName, ’Elevation’))

8 BIND (’2000-02-11T00:00:00+00:00’^^xsd:dateTime AS ?timeStamp) .

9 BIND (rasdb:rasSpatialAverage(?timeStamp, ?distWkt, ?rasterName) AS ?

elevation) .

10 FILTER(?elevation > 515) .

11 BIND(

12 IF(?elevation < 525, "blue" ,

13 IF(?elevation < 535, "#008AFF",

14 IF(?elevation < 545, "magenta",

15 IF(?elevation < 555, "red",

16 IF(?elevation < 565, "#C60000",

17 "black"))))) AS ?distWktColor

18 ).

19 }

20 GROUP BY ?distName ?elevation ?distWkt ?distWktColor

Figure 5.11: Visualising resultant 81 sub-districts of Munich

RasSPARQL query QS1 retrieves all sub-districts of Munich whose spa-
tially averaged elevation exceeds 515 m. Each sub-district is represented as

83



an instance of class :Region SubDistrict Munich with an associated label
(rdfs:label) and geometry (geo:asWKT). Elevation values are extracted from
a raster dataset identified by a raster name containing the keyword “Eleva-
tion”. Using the function rasdb:rasSpatialAverage, the query computes the
mean elevation within the polygonal boundary of each sub-district for a fixed
timestamp (2000-02-11T00:00:00+00:00). Figure 5.11 displays the 81 sub-
districts of Munich that satisfy the elevation criterion, and they are spatially
positioned according to their geographic boundaries on the OSM map. For vi-
sual interpretation, each qualifying sub-district is assigned a colour class based
on its elevation range using a nested IF statement. The colour scheme pro-
gresses from blue (lower elevations) through magenta and red to black (highest
elevations). The final output includes the sub-district name, mean elevation,
geometry, and assigned visualisation colour, grouped by these attributes to
ensure unique results.

• QS2/Clip: Clip and return a temperature raster array over the district
of Laim of Munich on 24 September 2023 at time 00:00:00, and return
filtered arrays.

1 SELECT ?regionName ?clippedArray {

2 ?region a :Region_District_Munich ; rdfs:label ?regionName ; geo:asWKT ?

regionWkt .

3 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

4 FILTER (?regionName = ’Laim’)

5 FILTER (CONTAINS(?rasterName, ’Munich_MODIS_Temperature_1km’))

6 BIND (’2022-01-01T00:00:00+00:00’^^xsd:dateTime AS ?timeStamp)

7 BIND (rasdb:rasClipRaster(?timeStamp, ?regionWkt, ?rasterName)

8 AS ?clippedArray)

9 }

This SPARQL query QS2/Clip extracts a spatially clipped temperature raster
subset for the district of Laim in Munich at a specified time. The district
is represented as an instance of :Region District Munich and is associated
with both a semantic label (rdfs:label) and a polygon geometry in WKT
format (geo:asWKT). The query targets raster datasets whose names contain
the string “Munich MODIS Temperature 1km”, indicating that the data orig-
inate from MODIS satellite-derived land surface temperature products with
a spatial resolution of approximately 1 km. A fixed temporal reference is
used to select the raster slice corresponding to the specified date and time, i.e.
2022-01-01T00:00:00+00:00. The function rasdb:rasClipRaster performs
a spatial clipping operation, extracting only those raster cells that intersect with
the polygon geometry of the Laim district. The result is a clipped raster array
representing the temperature distribution within the administrative boundary
of Laim for the selected timestamp. The final output, as illustrated in Fig-
ure 5.12, consists of the district name and the corresponding clipped tempera-
ture raster, enabling localised spatial-temporal analysis of thermal conditions
at the district scale.
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Figure 5.12: Visualising resultant array for district Laim, Munich

• QS3/Clip: Clip a portion of an available temperature raster data over
Munich based on a user-defined custom region on 24 July 2024 at time
00:00:00, and return filtered arrays.

1 SELECT ?clippedArray ?customRegionWkt {

2 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

3 FILTER (CONTAINS(?rasterName, ’Munich_MODIS_Temperature_1km’))

4 BIND (’POLYGON ((11.538391 48.155093,

5 11.460114 48.180281, 11.528778 48.136308,

6 11.45256 48.129893, 11.541138 48.117976,

7 11.502686 48.082208, 11.56311 48.115225,

8 11.602936 48.068444, 11.586456 48.127143,

9 11.66748 48.131726, 11.580276 48.148679,

10 11.624908 48.178907, 11.570663 48.167917,

11 11.545944 48.206829, 11.538391 48.155093))’ AS ?customRegionWkt)

12 BIND (’2022-01-01T00:00:00+00:00’^^xsd:dateTime AS ?timeStamp)

13 BIND (rasdb:rasClipRasterAnyGeom(?timeStamp, ?customRegionWkt, ?

rasterName) AS ?clippedArray)

14 }

Query QS3/Clip extracts a spatially clipped subset of temperature raster
data over Munich based on a user-defined custom polygon rather than an ad-
ministrative boundary. A custom region of interest is explicitly defined using a
Well-Known Text (WKT) polygon that represents an arbitrary spatial extent
specified by the user. The function rasdb:rasClipRasterAnyGeom performs
a spatial clipping operation between the raster and the custom polygon ge-
ometry, returning only the raster cells that intersect with the geometry of the
specified region. The result preserves the original raster structure and contains
pixel-level temperature values for the user-defined area in ?clippedArray.

Figure 5.13 displays a tabular version of the query output, both the clipped
raster array and the geometry of the custom region, enabling flexible, on-
demand spatial subletting of raster data for non-standard regions of interest.
Figure 5.14 visualises the resultant geometry on the OSM map.

Figure 5.13: Clipped array of user-defined, arbitrary-shaped vector region

In contrast to QS2/Clip, which relies on predefined administrative territories
(e.g., the district of Laim), QS3/Clip enables ad hoc spatial analysis over arbi-
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Figure 5.14: Visualising user-defined arbitrary-shaped vector region over Mu-
nich

trary geometries. This extends user-driven exploration of urban thermal pat-
terns to use-case-specific neighbourhoods, corridors, or functional urban zones
that do not align with official boundaries. Similarly, QS4/Clip performs a si-
multaneous spatial clipping of a raster dataset over multiple predefined regions
in Tyrol, namely Bolzano, Castelrotto, and Lagundo. Each region is mod-
elled as an instance of Region Tyrol. For each selected region, the function
rasdb:rasClipRaster clips the raster to the corresponding polygon geome-
try, returning a region-specific raster subset (?clippedArray). The query thus
produces one clipped raster array per region, preserving the original spatial
resolution and pixel-level values within each administrative boundary.

• QS4/Clip: Clip an available temperature raster data over South Tyrol
with regions ’Bolzano’, ’Castelrotto’, ’Lagundo’ on 24 September 2023 at
time 00:00:00, and return filtered arrays.

1 SELECT ?regionName ?arrayClipped {

2 ?region a :Region_Tyrol ; rdfs:label ?regionName ; geo:asWKT ?regionWkt

.

3 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

4 FILTER (?regionName in (’Bolzano’,’Castelrotto’,’Lagundo’))

5 FILTER (CONTAINS(?rasterName, ’Tyrol’))

6 BIND (’2023-09-24T00:00:00+00:00’^^xsd:dateTime AS ?timeStamp)

7 BIND (rasdb:rasClipRaster(?timeStamp, ?regionWkt, ?rasterName) AS ?

arrayClipped)

8 }

The final output consists of the region name and its associated clipped
raster array as shown in Figure 5.15 with map visualisation in Figure 5.16.
This type of query enables parallel, comparative analysis of raster data (e.g.,
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temperature, precipitation, or vegetation indices) across multiple vector regions
in a single query.

Figure 5.15: Visualising ’Bolzano’, ’Castelrotto’, ’Lagundo’ and respective
clipped arrays

Figure 5.16: Visualising ’Bolzano’, ’Castelrotto’, ’Lagundo’ districts of S.Tyrol

• QS5: List all vineyards in South Tyrol and their spatial average temper-
ature on 03 March and September 2023.

1 SELECT ?regionName ?tempK ?regionWkt {

2 ?region a :Region_Tyrol.

3 ?region rdfs:label ?regionName .

4 ?region geo:asWKT ?regionWkt .

5 ?gridCoverage a :Raster .

6 ?gridCoverage rasdb:rasterName ?rasterName .

7 FILTER (CONTAINS(?regionName, ’Vino’))

8 FILTER (CONTAINS(?rasterName, ’Tyrol’))

9 BIND (’2023-10-33T00:00:00+00:00’^^xsd:dateTime AS ?timeStamp)

10 BIND (rasdb:rasSpatialMinimum(?timeStamp, ?regionWkt, ?rasterName) AS ?

tempK)
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11 }

• QST6: Determine the spatial temporal average temperature over the dis-
tricts ’Würzburg’ and ’Bayreuth’ in the state of Bavaria over the time
period between 15th June and 21st July 2023.

1 SELECT ?regionName ?tempK ?regionWkt {

2 ?region a :Region_Bavaria ; rdfs:label ?regionName ; geo:asWKT ?regionWkt

3 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

4 FILTER (?regionName in (’Würzburg’, ’Bayreuth’)) # Polygons with holes

5 FILTER (CONTAINS(?rasterName, ’Bavaria’))

6 BIND (’2023-06-15T00:00:00+00:00’^^xsd:dateTime AS ?startTimeStamp)

7 BIND (’2023-07-21T00:00:00+00:00’^^xsd:dateTime AS ?endTimeStamp)

8 BIND (rasdb:rasTemporalAverage(?startTimeStamp, ?endTimeStamp , ?regionWkt

, ?rasterName) AS ?tempK)

9 }

Figure 5.17: Visualising ’Würzburg’ and ’Bayreuth’ (Polygon with holes)

SPARQL query QST6 computes the spatial-temporal average temperature
for the Bavarian districts of Würzburg and Bayreuth over the period from
15 June to 21 July 2023. Each district is represented as an instance of
:Region Bavaria and the region’s name is associated with a semantic label
(rdfs:label) and a polygon geometry in WKT format (geo:asWKT). Two
temporal boundaries are defined using ISO 8601 timestamps, specifying the
start (2023-06-15) and end (2023-07-21) of the analysis period. The function
rasdb:rasTemporalAverage then aggregates raster temperature values both
spatially, across each district’s polygon, and temporally, across all raster snap-
shots (or array slices) within the specified time interval. The resulting value
(?tempK) represents the spatial-temporal mean temperature in Kelvin for each
district over the full six-week period. The query returns the district names,
the calculated spatial-temporal average temperature, and the corresponding
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district geometries, enabling comparative assessment of thermal conditions be-
tween Würzburg and Bayreuth during early summer 2023.

• QST7: Find the temporal average temperature of the Söderköping mu-
nicipality of Sweden over the time period between 05th April and 19th
April 2022.

1 SELECT ?regionName ?tempK ?regionWkt {

2 ?region a :Region_Sweden ; rdfs:label ?regionName ; geo:asWKT ?regionWkt .

3 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

4 FILTER (?regionName = ’Söderköping’)

5 FILTER (CONTAINS(?rasterName, ’Sweden_Surface_Temperature’))

6 BIND (’2022-04-05T00:00:00+00:00’^^xsd:dateTime AS ?startTimeStamp)

7 BIND (’2022-06-19T00:00:00+00:00’^^xsd:dateTime AS ?endTimeStamp)

8 BIND (rasdb:rasTemporalMaximum(?startTimeStamp, ?endTimeStamp , ?regionWkt

, ?rasterName) AS ?tempK)

Figure 5.18: Söderköping with islands (MultiPolygon)

This SPARQL query computes a spatial-temporal maximum temperature
for the municipality of Söderköping, Sweden, over the period from 5 April to
19 April 2022. Söderköping municipality, which includes multiple island fea-
tures, is represented as an instance of :Region Sweden. The raster function
rasdb:rasTemporalMaximum aggregates raster values across all raster snap-
shots within this period and computes the temporal maximum temperature for
each raster cell intersecting the geometry of Söderköping. The resulting out-
put (?tempK) represents the peak surface temperature pattern over the specified
time interval for the entire municipality, including its island components. The
query returns the municipality name, the derived maximum temperature from
raster data snapshots, and the corresponding multipolygon geometry as shown
in Figure 5.18.
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This demonstrates the OntoRaster framework’s capability to perform
spatial-temporal raster analytics across complex multipolygonal regions, en-
abling robust environmental assessments for coastal or archipelago administra-
tive territories.
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5.3.2 GeoNames + Raster Data

GeoNames has point features and is semantically conceptualised by GeoNames
ontology with prefix (gn:). The following SPARQL query QS8/GN identifies all
rail stations within Munich’s administrative districts whose district-level mean
elevation falls within a specified mid-range threshold: below 505m or above
525m on a particular datetime. Munich districts are modelled as polygonal
regions of class :Region District Munich, each associated with a WKT ge-
ometry. Rail stations are represented by class gn:RSTN and their spatial point
locations are also encoded using WKT geometries (pointWkt). A GeoSPARQL
spatial predicate geof:sfWithin is applied to retain only those rail stations
whose point geometries (pointWkt) fall inside the corresponding district poly-
gons (regionWkt).

Aggregated raster information is derived from available raster datasets us-
ing raster names described in a class (:Raster), filtered to include only the
elevation raster dataset. The function rasdb:rasSpatialAverage computes
the mean elevation over each district polygon, rather than at individual sta-
tion locations over a fixed timestamp (11 February 2000). This district-wise
elevation value is then associated with all rail stations contained within that
district. A logical filter selects only stations located within districts with a spa-
tial average elevation below 505m or above 525m, highlighting both low-lying
and topographically elevated urban areas.

• QS8/GN : Find all rail stations within those districts in Munich whose
spatial average land elevation is less than 505 or more than 525 meters.

1 PREFIX : <https://github.com/aghoshpro/OntoRaster/>

2 PREFIX gn: <https://www.geonames.org/ontology#>

3 PREFIX geo: <http://www.opengis.net/ont/geosparql#>

4 PREFIX geof: <http://www.opengis.net/def/function/geosparql/>

5 PREFIX rdfs: <http://www.w3.org/2000/01/rdf-schema#>

6 PREFIX rasdb: <https://github.com/aghoshpro/RasterDataCube/>

7

8 SELECT ?featureName ?regionName ?elevation ?pointWkt {

9 ?region a :Region_District_Munich ; rdfs:label ?regionName ; geo:asWKT ?

regionWkt .

10 ?gname a gn:RSTN; rdfs:label ?featureName ; geo:asWKT ?pointWkt .

11 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

12 FILTER (geof:sfWithin(?pointWkt, ?regionWkt))

13 FILTER (CONTAINS(?rasterName, ’Elevation’))

14 BIND (’2000-02-11T00:00:00+00:00’^^xsd:dateTime AS ?timeStamp)

15 BIND (rasdb:rasSpatialAverage(?timeStamp, ?regionWkt, ?rasterName) AS ?

elevation)

16 FILTER(?elevation < 505 || ?elevation > 525)

17 }

The query returns the station name (as featureName), the district name (as
regionName), the average elevation, and the station geometry (pointWkt) as
shown in Figure 5.19, and it enables combined semantic, spatial, and environ-
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mental analysis. The query integrates vector-based spatial reasoning, raster-
based elevation analysis, and point-feature data from GeoNames.

Figure 5.19: Resultant 17 districts with their elevation and rail stations (mark-
ers) of Munich

Figure 5.20 visualises the GeoNames point features on the map
by adding ?pointWkt, ?pointWktLabel ?pointWktColor ?regionWkt

?regionWktColor in the SELECT clause of QS7/GN and adding two BINDs in
the same query.

(a) GeoNames pointWkt (b) pointWkt + regionWkt

Figure 5.20: Visualising resultant railstations (gn:RSTN) and 17 districts of
Bavaria

Similarly, SPARQL query QS9/GN retrieves all airports in Bavaria and their
corresponding administrative districts, together with the spatially averaged
land surface temperature (LST) for 4 September 2023. The query provides
a unified semantic–geospatial framework that integrates GeoNames point fea-
tures, i.e., airports (gn:S.AIRP), administrative regions, i.e., states, and aggre-
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gated temperature data from the corresponding raster data for Bavaria.

• QS9/GN : Find all airports and receptive districts in Bavaria and their
spatial average land surface temperature on 4th September 2023.

1 SELECT ?featureName ?regionName ?tempK ?pointWkt ?regionWkt ?

regionWktColor {

2 ?region a :Region_Bavaria ; rdfs:label ?regionName ; geo:asWKT ?

regionWkt.

3 ?gname a gn:S.AIRP; rdfs:label ?featureName ; geo:asWKT ?pointWkt .

4 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

5 FILTER (geof:sfWithin(?pointWkt, ?regionWkt))

6 FILTER (CONTAINS(?rasterName, ’Bavaria’))

7 BIND(’#181818’ AS ?regionWktColor)

8 BIND (’2023-09-04T00:00:00+00:00’^^xsd:dateTime AS ?timeStamp)

9 BIND (rasdb:rasSpatialAverage(?timeStamp, ?regionWkt, ?rasterName) AS

?tempK)

10 BIND (rasdb:rasTemporalAverage(?startTimeStamp, ?endTimeStamp , ?

regionWkt, ?rasterName) AS ?tempK)

11 }

As shown in Figure 5.21, the query returns the airport name, district name,
spatially averaged temperature (in Kelvin), and both point and polygon ge-
ometries, enabling integrated semantic, spatial, and environmental analysis of
airport–district relationships under regional thermal conditions.

Figure 5.21: Resultant airports and respective districts of Bavaria

The SPARQL query QS10/GN extends query QS9/GN by adding temporal
dimensions. It retrieves all airports in Bavaria and their corresponding admin-
istrative districts, along with the spatial-temporal average temperature over
the period from 15th June, 2023 to 21 July, 2023.
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(a) Resultant airports (markers) (b) Airports with respective districts

Figure 5.22: Visualising resultant airports (gn:S.AIRP) with respective 19 dis-
tricts of Bavaria

• QS10/GN : Find all airports and receptive districts in Bavaria and their
temporal average land surface temperature over the time period between
15th June and 21st July 2023.

1 SELECT ?featureName ?regionName ?tempK ?pointWkt ?regionWkt

2 ?regionWktColor {

3 ?region a :Region_Bavaria ; rdfs:label ?regionName ; geo:asWKT ?

regionWkt.

4 ?gname a gn:S.AIRP; rdfs:label ?featureName ; geo:asWKT ?pointWkt .

5 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

6 FILTER (geof:sfWithin(?pointWkt, ?regionWkt))

7 FILTER (CONTAINS(?rasterName, ’Bavaria’))

8 BIND(’#181818’ AS ?regionWktColor)

9 BIND (’2023-06-15T00:00:00+00:00’^^xsd:dateTime AS ?startTimeStamp)

10 BIND (’2023-07-21T00:00:00+00:00’^^xsd:dateTime AS ?endTimeStamp)

11 BIND (rasdb:rasTemporalAverage(?startTimeStamp, ?endTimeStamp , ?

regionWkt, ?rasterName) AS ?tempK)

12 }

Now we change the AOI from Bavaria to South Tyrol in the following
SPARQL query QS11/GN , which identifies mountain peaks located within mu-
nicipalities of South Tyrol whose spatially aggregated elevation exceeds 2000
m, integrating semantic point features, administrative boundaries, and raster-
based elevation data. Municipalities in South Tyrol are modelled as polygonal
regions of type :Region Tyrol. Mountain peaks are retrieved as GeoNames
point features of class gn:T.PK along with WKT point geometries.

The query then filters for municipalities in which the spatially aggregated
elevation exceeds 2000 m, thereby selecting only high-altitude alpine areas. The
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final result returns the peak name, municipality name, and the corresponding
raster-derived elevation value, enabling integrated semantic, spatial, and envi-
ronmental analysis of mountainous terrain in South Tyrol.

• QS11/GN : Find all mountain peaks within those municipalities in South
Tyrol whose spatial average elevation is more than 2000 meters.

1 SELECT ?pointName ?regionName ?elevation {

2 ?region a :Region_Tyrol ; rdfs:label ?regionName ; geo:asWKT ?regionWkt .

3 ?gname a gn:T.PK; rdfs:label ?pointName ; geo:asWKT ?pointWkt .

4 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

5 FILTER (geof:sfWithin(?pointWkt, ?regionWkt))

6 FILTER (CONTAINS(?rasterName, ’Tyrol’))

7 BIND (’2023-03-03T00:00:00+00:00’^^xsd:dateTime AS ?timeStamp)

8 BIND (rasdb:rasSpatialMaximum(?timeStamp, ?regionWkt, ?rasterName) AS

9 ?elevation)

10 FILTER(?elevation> 2000) .

11 }

The SPARQL query QS12/GN retrieves forest locations within municipali-
ties of Sweden whose spatially aggregated maximum land surface temperature
exceeds 281 K, integrating semantic point features, administrative boundaries,
and raster-based thermal data. Municipalities whose spatially aggregated max-
imum temperature exceeds 281 K are then retained. The query returns the
forest name, municipality name, and the corresponding raster-derived temper-
ature value as shown in Figure 5.23 and visualised in Figure 5.24, enabling
integrated semantic, spatial, and environmental analysis of forested areas un-
der elevated thermal conditions in Sweden.

• QS12/GN : Find all forests within those municipalities in Sweden whose
spatial maximum temperature is above 281 Kelvin.

1 SELECT ?pointName ?regionName ?tempK {

2 ?region a :Region_Sweden ; rdfs:label ?regionName; geo:asWKT ?regionWkt .

3 ?gname a gn:V.FRST; rdfs:label ?pointName ; geo:asWKT ?pointWkt .

4 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

5 FILTER (geof:sfWithin(?pointWkt, ?regionWkt))

6 FILTER (CONTAINS(?rasterName, ’Sweden’))

7 BIND (’2022-08-24T00:00:00+00:00’^^xsd:dateTime AS ?timeStamp)

8 BIND (rasdb:rasSpatialMaximum(?timeStamp, ?regionWkt, ?rasterName) AS

9 ?tempK)

10 FILTER(?tempK> 281) .

11 }
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Figure 5.23: Visualising the 38 municipalities of Sweden

(a) Resultant forest(s) (markers) (b) Respective municipalities

Figure 5.24: Visualising resultant forest(s) (gn:V.FRST) with respective 38
municipalities of Sweden
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5.3.3 OpenStreetMap + Data

As previously mentioned, OpenStreetMap provides 2D footprints (polygons) of
Buildings such as schools, churches, Parking Lots, hospitals, hotels, and more
than 100 categories. The RasSPARQL query QS13/OSM retrieves school build-
ings (classified under lgdo:School from the LinkedGeoData ontology) located
within the administrative districts of Munich, but only those districts where
the spatially averaged elevation exceeds 515 meters as computed from an ele-
vation raster data at a specified timestamp on 11th February. It integrates vec-
tor geometries of OSM building footprints (?bldgWkt) with district geometries
(?distWkt) via a GeoSPARQL spatial containment function (geof:sfWithin).
The raster spatial average function (rasdb:rasSpatialAverage) operates on
elevation-specific coverage data, ensuring that only districts above the thresh-
old contribute schools to the result set, thereby highlighting elevation-driven
geographic patterns in Munich’s educational infrastructure.

For qualifying districts, the query extracts the school name, district name,
computed mean elevation, district and building geometries, and assigns fixed
styling colours (dark gray for districts by ?distWktColor = ’#181818’, red
for school buildings by ?bldgWktColor = ’red’) to facilitate subsequent geo
map visualization as shown in Figure 5.25.

• QS13/OSM : Find all schools and respective districts of Munich whose
spatial average elevation is above 515 meters

1 PREFIX : <https://github.com/aghoshpro/OntoRaster/>

2 PREFIX rdfs: <http://www.w3.org/2000/01/rdf-schema#>

3 PREFIX geo: <http://www.opengis.net/ont/geosparql#>

4 PREFIX geof: <http://www.opengis.net/def/function/geosparql/>

5 PREFIX lgdo: <http://linkedgeodata.org/ontology/>

6 PREFIX rasdb: <https://github.com/aghoshpro/RasterDataCube/>

7

8 SELECT ?bldgName ?distName ?elevation ?distWkt ?distWktColor ?bldgWkt ?

bldgWktColor {

9 ?building a lgdo:School . # Church, Parking, Hospital, Hotel

10 ?building rdfs:label ?bldgName ; geo:asWKT ?bldgWkt .

11 ?region a :Region_District_Munich ; rdfs:label ?distName ; geo:asWKT ?

distWkt .

12 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

13 BIND(’#181818’ AS ?distWktColor)

14 BIND(’red’ AS ?bldgWktColor)

15 BIND (’2000-02-11T00:00:00+00:00’^^xsd:dateTime AS ?timeStamp)

16 BIND (rasdb:rasSpatialAverage(?timeStamp, ?distWkt, ?rasterName) AS ?

elevation)

17 FILTER (geof:sfWithin(?bldgWkt, ?distWkt))

18 FILTER (CONTAINS(?rasterName, ’Elevation’))

19 FILTER(?elevation > 515)

20 }

This query directly generates the visualisation, in which the resulting
school buildings are plotted exclusively within the selected districts of
Munich whose average elevation exceeds 515 m, as computed from the
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raster. The map reveals a pronounced concentration of qualifying schools
in the southern and southwestern peripheral districts of Munich (e.g., ar-
eas toward Planegg, Gräfelfing, and Neubiberg), which exhibit higher ter-
rain as the city transitions toward the Alpine foreland, while central and
northern districts—generally closer to the city’s 520 m reference elevation
but locally averaging below the strict 515 m threshold in parts—contain
few or no represented schools. Insets magnify clusters of 7 OSM 2D build-
ings in one southwestern area and 3 in another, underscoring localised
hotspots of elevated terrain hosting school facilities.

Figure 5.25: Resultant school buildings and respective districts of Munich

The RasSPARQL query QS14/OSM mimic the operations of QS13/OSM

with one change, that is, vegetation raster data instead of tempera-
ture raster data. The SPARQL query identifies OSM school buildings
(via lgdo:School) that fall within Munich’s districts where the district-
averaged vegetation exceeds 0.4, derived from NDVI raster dataset on 1st
January, 2022. NDVI serves as a standardised remote-sensing metric of
vegetation density and vigour (typically ranging from -1 to +1), with val-
ues ¿0.4 generally indicating moderate to substantial green biomass—such
as well-vegetated suburban or semi-urban areas with trees, parks, or man-
aged greenery—rather than sparse or absent live vegetation characteris-
tic of highly impervious urban cores [65]. By applying this vegetation
threshold, i.e., 0.4, the query QS14/OSM selectively highlights schools in
districts with comparatively higher greenery, revealing potential corre-
lations between educational sites and enhanced urban/semi-urban vege-
tation quality or quantity in Munich as depicted in Figure 5.26. It con-
trasts with elevation-based filtering (as in the prior figure) by emphasising
vegetation-based drivers of school distribution.

• QS14/OSM : Find all schools and respective districts of Munich whose
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spatial average vegetation (NDVI) is high

1 SELECT ?bldgName ?distName ?ndvi ?distWkt ?distWktColor ?bldgWkt ?

bldgWktColor {

2 ?building a lgdo:School ; rdfs:label ?bldgName ; geo:asWKT ?bldgWkt .

3 ?region a :Region_District_Munich ; rdfs:label ?distName ; geo:asWKT ?

distWkt .

4 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

5 BIND(’#181818’ AS ?distWktColor)

6 BIND(’red’ AS ?bldgWktColor)

7 BIND (’2022-01-01T00:00:00+00:00’^^xsd:dateTime AS ?timeStamp)

8 BIND (rasdb:rasSpatialAverage(?timeStamp, ?distWkt, ?rasterName) AS ?

ndvi)

9 FILTER (geof:sfWithin(?bldgWkt, ?distWkt))

10 FILTER (CONTAINS(?rasterName, ’NDVI’))

11 FILTER(?ndvi > 0.4) # NDVI Scale [0.1 (Desert) to >= 1.0 (Forest)]

12 }

Figure 5.26: Resultant school buildings and respective districts of Munich

The RasSPARQL query QS15/OSM extends the operations of QS14/OSM

at finer-grained administrative units of Munich, such as sub-districts in-
stead of districts. The SPARQL query retrieves school buildings within
those sub-districts (via class :Region SubDistrict Munich) where the
spatial average vegetation exceeds 0.4, derived from NDVI raster dataset
on 1st January, 2022.

Compared to the prior district-level query QS14/OSM , this query enables
identification of greenery at finer spatial resolution (sub-districts), re-
vealing intra-district heterogeneity in vegetation-school associations as
depicted in Figure 5.27.
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• QS15/OSM : Find all schools and their respective sub-districts of Munich
whose spatial average vegetation (NDVI) is moderately high

1 SELECT ?bldgName ?distName ?ndvi ?distWkt ?distWktColor ?bldgWkt ?

bldgWktColor {

2 ?building a lgdo:School ; rdfs:label ?bldgName ; geo:asWKT ?bldgWkt .

3 ?region a :Region_SubDistrict_Munich ; rdfs:label ?distName ; geo:

asWKT ?distWkt .

4 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

5 BIND(’#181818’ AS ?distWktColor)

6 BIND(’red’ AS ?bldgWktColor)

7 BIND (’2022-01-01T00:00:00+00:00’^^xsd:dateTime AS ?timeStamp)

8 BIND (rasdb:rasSpatialAverage(?timeStamp, ?distWkt, ?rasterName) AS ?

ndvi)

9 FILTER (geof:sfWithin(?bldgWkt, ?distWkt))

10 FILTER (CONTAINS(?rasterName, ’NDVI’))

11 FILTER(?ndvi > 0.4)

12 }

Figure 5.27: Resultant school buildings and respective sub-districts of Munich

The RaSPARQL query QS16/OSM identifies OSM 2D buildings of type
hospital (lgdo:Hospital) within sub-districts of Munich, where the spa-
tial average vegetation (NDVI) exceeds 0.4 on 1st January, 2022, indi-
cating moderate-to-high vegetation cover (e.g., parks, trees, or suburban
greenery). Compared to the prior school-focused sub-district query, this
shifts the facility type to hospitals while retaining the same vegetation
threshold at the sub-district level, enabling analysis of healthcare infras-
tructure in greener sub-areas versus denser urban cores. Figure 5.28
displays a visualisation similar to the school sub-district map.

• QS16/OSM : Find all hospitals and their respective sub-districts of Munich
whose spatial average vegetation (NDVI) is high
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1 SELECT ?bldgName ?distName ?ndvi ?distWkt ?distWktColor ?bldgWkt ?

bldgWktColor {

2 ?building a lgdo:Hospital; rdfs:label ?bldgName; geo:asWKT ?bldgWkt .

3 ?region a :Region_SubDistrict_Munich ; rdfs:label ?distName ; geo:

asWKT ?distWkt .

4 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

5 BIND(’#181818’ AS ?distWktColor)

6 BIND(’red’ AS ?bldgWktColor)

7 BIND (’2022-01-01T00:00:00+00:00’^^xsd:dateTime AS ?timeStamp)

8 BIND (rasdb:rasSpatialAverage(?timeStamp, ?distWkt, ?rasterName) AS ?

ndvi)

9 FILTER (geof:sfWithin(?bldgWkt, ?distWkt))

10 FILTER (CONTAINS(?rasterName, ’NDVI’))

11 FILTER(?ndvi > 0.4)

12 }

Figure 5.28: Resultant hospitals and corresponding sub-districts of Munich
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5.3.4 CityGML + Raster Data

Huang et al. [119] employ a materialised knowledge graph workflow: OWL
ontologies + semantic constraints (for matching multiple representations) +
SWRL rules (for inferring both data integration mappings and visualisation
parameters). Ahmadian et al. [3] study the integration of OpenStreetMap and
CityGML using formal concept analysis. Hansson et al. [104] outlined a se-
mantic framework to integrate CityGML data using the VKG paradigm. One
of our collaborators, Ding et al. [69], adopts another VKG approach using
the VKG system Ontop, in which CityGML data are exposed as a SPARQL-
endpoint-compatible KG without materialisation, using the CityGML ontology
and declarative mappings. This enables complex GeoSPARQL queries that in-
tegrate OpenStreetMap and CityGML data while preserving the efficiency of
the underlying relational database, but querying raster data is not yet sup-
ported. We are extending the work [69] to integrate CityGML 3D building
data with raster data.

5.3.4.1 3DCityDB: Storage for CityGML

The 3D City Database (3DCityDB)8 is a free and open-source package for
managing, analysing, and utilising virtual 3D city models on top of an RDBMS,
specifically PostgreSQL and PostGIS. We have utilised the predefined SQL
schema9 and the importer-exporter10 tool provided by 3DCityDB to import
CityGML files into the citydb table in PostgreSQL. Here, we observed that
several columns in the CityGML building table are empty, and there is no
column describing building locations, which makes it challenging to use this
data to compose queries that incorporate raster data and additional spatial
analysis. We created mappings to connect the data to the aforementioned
LinkedGeoData and CityGML ontology.

5.3.4.2 Linking OSM and CityGML

OSM data primarily comprises building footprints (2D polygons) and points
of interest (POIs), and the CityGML dataset provides 3D building models
ranging from coarse (LoD0) to very detailed (LoD4) with associated building
information, e.g., building address, height, roof surfaces, etc. To resolve this
heterogeneity, a link between CityGML and OSM data at both the data and
ontology levels is required [69].

Database Level. We observe that ground footprints (polygons) are common
features shared by OSM and CityGML data (specifically, L0D0) and can be
geometrically matched to link the two datasets. Ding et al. [69] provided three
stages for OSM-CityGML linking.

8https://github.com/3dcitydb
9https://docs.3dcitydb.org/1.2/3dcitydb/relational-schema/

10https://github.com/3dcitydb/importer-exporter
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Initially, we used a geometric matching technique [77, 158] to spatially
align CityGML 3D building ground footprints (LoD0) with OSM 2D building
footprints. This provides geolocation information to CityGML data, which
initially contained only building information. Given any CityGML building
(city3D) and OSM building (osm2D), their direct spatial correspondences are
identified based on Equation (1) [77, 158], derived from individual areas of any
CityGML (Area(city3Dj)) and OSM polygons (Area(osm2Dk))

Area(osm2Dk ∩ city3Dj)

min(Area(osm2Dk),Area(city3Dj))
≥ t

whereArea(osm2Dk∩city3Dj) represents the overlapping area between the
k-th OSM polygon and the j-th CityGML polygon; t is an empirical hyper-
parameter, which can be adjusted based on the spatial consistency between
the two datasets. Fan et al. [77] demonstrated four possible matching ratios:
1:1, 1:n, m:1, and m:n. Ding et al. [69] acknowledged that 1:1 correspondences
are not always feasible due to dataset differences. Step 2 enriches spatial match-
ing by including adjacent surfaces, reducing 0:1 relations by associating ancil-
lary features (e.g., stairs) with main buildings. Step 3 matches OSM POIs to
CityGML buildings using OSM building footprints as mediators to enrich the
semantic information in CityGML data.

In OntoRaster framework, OSM building footprint data are already
integrated with raster data for spatial query processing, we can argue that
CityGML building data associated with OSM data can also be queried with
raster data, provided that relevant ontologies are linked.

Ontological Level. Integration at the database level should be extended
upstream to the ontology and knowledge graph levels by creating additional
appropriate mappings and ontological axioms to capture the correspondences
between OSM buildings and CityGML buildings. The base CityGML ontol-
ogy (adapted from the University of Geneva) is extended with the Linked-
GeoData (LGD) ontology for OSM data by adding respective classes and
properties. Suitable VKG mappings are defined to align the integrated
database with the aforementioned ontologies. To model linkages between
OSM and CityGML data within the OntoRaster framework, two approaches
can be adopted. A simple approach is to use the owl:sameAs assertion
to map OSM IDs to CityGML IDs. Ding et al. [69] introduce a rectified
”Association CityGML OSM” class with properties such as ”match” and ”ad-
jacent”, which enables GeoSPARQL queries over the unified VKG to capture
nuanced relations. OntoRaster is extended with both approaches.

5.3.4.3 Linking CityGML and Raster

Here, we present several experimental RasSPARQL queries that integrate raster
data with CityGML 3D building data.
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• QS17/CityGML: Find all hotels with a height above 30 meters and their
respective districts of Munich, and corresponding elevation

1 PREFIX : <https://github.com/aghoshpro/OntoRaster/>

2 PREFIX rdfs: <http://www.w3.org/2000/01/rdf-schema#>

3 PREFIX geo: <http://www.opengis.net/ont/geosparql#>

4 PREFIX geof: <http://www.opengis.net/def/function/geosparql/>

5 PREFIX lgdo: <http://linkedgeodata.org/ontology/>

6 PREFIX bldg: <http://www.opengis.net/citygml/building/2.0/>

7 PREFIX rasdb: <https://github.com/aghoshpro/RasterDataCube/>

8

9 SELECT ?bldgName ?bldgHeight ?distName ?elevation {

10 ?building a lgdo:Hotel ; rdfs:label ?bldgName ; geo:asWKT ?bldgWkt ;

11 owl:sameAs ?citygml3D .

12 ?citygml3D bldg:measuredHeight ?bldgHeight .

13 ?region a :Region_District_Munich ; rdfs:label ?distName ; geo:asWKT ?

distWkt .

14 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

15 BIND (’2000-02-11T00:00:00+00:00’^^xsd:dateTime AS ?timeStamp)

16 BIND (rasdb:rasSpatialAverage(?timeStamp, ?distWkt, ?rasterName)

17 AS ?elevation)

18 FILTER (geof:sfWithin(?bldgWkt, ?distWkt))

19 FILTER (CONTAINS(?rasterName, ’Elevation’))

20 FILTER(?bldgHeight > 30) .

21 }

• QS18/CityGML: Find the addresses of all school buildings in Munich that
are taller than 30 meters, along with their respective sub-districts and
their average elevation

1 SELECT ?bldgName ?bldgHeight ?distName ?elevation {

2 ?building a lgdo:School ; rdfs:label ?bldgName ; geo:asWKT ?bldgWkt ;

3 owl:sameAs ?citygml3D .

4 ?citygml3D bldg:measuredHeight ?bldgHeight .

5 ?region a :Region_SubDistrict_Munich ; rdfs:label ?distName ; geo:asWKT ?

distWkt .

6 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

7 BIND (’2000-02-11T00:00:00+00:00’^^xsd:dateTime AS ?timeStamp)

8 BIND (rasdb:rasSpatialAverage(?timeStamp, ?distWkt, ?rasterName)

9 AS ?elevation)

10 FILTER (geof:sfWithin(?bldgWkt, ?distWkt))

11 FILTER (CONTAINS(?rasterName, ’Elevation’))

12 FILTER(?bldgHeight > 30) .

13 }

5.4 Conclusion

This work validated the design and applicability of OntoRaster as a seman-
tic framework for the unification of raster–vector geospatial data. Through
a series of spatial and spatiotemporal RasSPARQL queries, we demonstrated
how multidimensional raster data can be semantically integrated with het-
erogeneous vector datasets, including regional geometries, OpenStreetMap 2D
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building footprints, CityGML 3D building models, and GeoNames point fea-
tures. These queries demonstrate that complex analytical tasks can be ex-
pressed declaratively within a single-query environment, thereby bridging the
long-standing gap between raster processing and semantic geospatial reason-
ing under the VKG framework. By presenting both tabular query outputs
and corresponding visualisations, this study established a complete analytical
pipeline that supports interpretable and reproducible spatial analysis. The
results confirm that RasSPARQL enables interoperable querying across mul-
tiple spatial-temporal representations and abstraction levels, thereby reducing
workflow fragmentation and improving analytical transparency.

The rasGeoTIFF() function (Table 4.1) remains under development. Fu-
ture research will focus on extending OntoRaster to support multiple raster
datasets within a single RasSPARQL query. These developments will en-
able more advanced spatial-temporal data integration and large-scale semantic
geospatial processing under the VKG paradigm.
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Chapter 6

Performance Evaluation

To establish the VKG paradigm as a practical and industrially relevant frame-
work, VKG systems must deliver query responses within a reasonable time,
even when processing large-scale, heterogeneous, and multidimensional raster
datasets across domains, particularly in the geospatial domain. Existing bench-
marking efforts in the VKG literature, as surveyed in Section 6.1, have primarily
focused on relational data sources. These efforts have produced well-established
benchmark configurations and standardised datasets for assessing query per-
formance, scalability, and optimisation behaviour on structured tabular data.
However, to the best of our knowledge, no comprehensive, systematic per-
formance evaluation has yet been conducted for VKG systems that support
query processing over integrated raster, relational, and vector data. Meaning-
ful assessment of the performance of such VKG systems, i.e., OntoRaster,
in such settings requires the development of realistic benchmarks that faith-
fully capture the defining characteristics of real-world industrial workloads and
encompass the volume, variety, and velocity of large datasets, as well as the
intricacies of ontologies and the sophistication of queries. In addition to de-
signing a benchmark, we introduced a novel synthetic data generator for vector
and raster data with varying characteristics, aligned with OWL ontologies and
OGC standards. These benchmarks are tested using the open-source VKG
framework OntoRaster

6.1 Related Works

The Lehigh University Benchmark (LUBM) [97] has been a prominent ontol-
ogy benchmark, serving as a test suite for ontology-based applications. LUBM
comprises an ontology that delineates the university domain, a data generator
that produces instance data for the university ontology, and test queries for
the data; however, the ontology is small, and the benchmark is not tailored to
VKG, since no mappings to a (relational) data source are provided. Another
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popular benchmark is the Berlin SPARQL Benchmark (BSBM) [42], which
compares the performance of native RDF stores and virtualisation-based VKG
systems on artificially generated data and simple queries in the e-commerce
domain. In contrast to current benchmarks that primarily prioritise scalabil-
ity and performance, OntoBench [156] emphasises evaluating OWL coverage
and specific concept pairings in ontology tools. It enables users to dynamically
generate consistent benchmark ontologies by selecting diverse OWL 2 language
components via a graphical user interface. A recent work [124] proposed a com-
pliance benchmark to objectively assess the extent to which various RDF triple
stores and databases comply with the GeoSPARQL [176] standard for geospa-
tial vector data. Kefalidis et al. [128] proposed a GeoQuestions1089 dataset
containing questions and their corresponding GeoSPARQL queries over vector
data to benchmark their geospatial question answering engines. A notable gap
in these works is the lack of evaluation of query performance on raster data
under the VKG paradigm. In the context of VKG, Lanti et al. [145] proposed
a novel benchmark for VKG systems based on a real-world dataset from the
Norwegian Petroleum Directorate (NPD) within the EU project Optique [54].
They adopted the NPD ontology, which has been mapped to the NPD fact
pages dataset stored in a relational database, and queries are formed. Lanti et
al. [146] extended this work by introducing an automated testing platform, new
experiments, and a larger, more challenging query set that includes aggregate
queries, thereby highlighting the importance of semantic query optimisation in
the SPARQL-to-SQL translation phase. This paper [146] also introduces Vir-
tual Instance Generator (VIG) as a data generator and scaler, which analyses
the original relational database instances and their mappings to acquire statis-
tics that guide the generation of new data instances. VIG ensures the newly
generated data comply with constraints deriving from the respective ontology
and the mappings of the corresponding application domain [148]. The LUBM
benchmark is extended by LUBM4OBDA [9] for VKG systems, providing map-
pings to a relational representation of the original LUBM RDF data. This en-
ables comparison with triple stores and the evaluation of meta-knowledge. This
study [155] provide a comprehensive review of the efficiency of various seman-
tic data repositories for managing and querying large spatial datasets within
knowledge graph settings. Li et al. [155] showed systematic experiments on
diverse geospatial vector data using Virtuoso and the Ontop system to as-
sess processing times for both complex and simple spatial-semantic queries.
However, their study did not mention raster data. Existing work on the VKG
benchmarks and their supporting infrastructure is fundamentally built on the
relational data model. Transitioning to multidimensional raster data would
significantly impact the comparability and applicability of these benchmarks,
necessitating a substantial redesign across multiple layers. In this chapter, we
aim to address this research gap by introducing a novel benchmark for VKGs
that support query processing over raster data, combined with relational data,
including vector data.
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Table 6.1: Benchmark Requirements

Vector Raster
BM1 BM2 BM3 BM4 BM5 BM6 BM7 BM8 BM9 BM10

#Points Area Uniformity Holes GeoNames OSM CityGML AOI Spatial Temporal

6.2 Benchmark Requirements

We outline the requirements for the proposed benchmark to evaluate the VKG
system’s access to raster data. As discussed at the beginning of the chap-
ter 5, we focus here on the last three phases of benchmarking requirements for
VKG systems, since these are the ones that facilitate the integrated querying
of heterogeneous raster and vector data, which differ from conventional VKG
systems [87]. We identify benchmark requirements (BM1–BM10) for assessing
specialised KG systems that support querying raster data integrated with vec-
tor data, as illustrated in Table 6.1. The proposed benchmark requirements
provide a systematic approach to evaluating VKG systems by isolating individ-
ual parameters across both the vector and raster domains. This methodological
framework follows the principle of controlled experimentation, in which each
benchmark varies precisely one parameter while holding all others constant,
thereby providing a comprehensive testing environment for VKG systems op-
erating on heterogeneous geospatial raster and vector datasets across any area
of interest (AOI).

6.2.1 For vector data (BM1 – BM7)

BM1 (# of points) Benchmark BM1 focuses on variation in point count
while holding other parameters constant, including the area, uniformity, and
hole configuration of vector geometries, as well as the spatial and temporal
resolution of raster data. Therefore, this study provides insights into the com-
putational overhead of the VKG framework’s query processing, which varies
with geometric complexity in one dimension.

BM2 (area variation) BM2’s area variation with fixed geometric parame-
ters enables evaluation of how spatial extent affects query performance, par-
ticularly for operations involving spatial joins, buffer calculations, sub-setting,
and containment queries, which are fundamental to spatial reasoning within
the VKG framework.

BM3 (uniformity) introduces the uniformity parameter to regulate the
shape of vector geometries. Regularly shaped geometries (polygons and mul-
tipolygons) typically exhibit more predictable spatial relationships, enabling
optimisation opportunities in spatial query processing. In contrast, irregular
shapes may pose challenges for edge cases in geometric algorithms and spatial
relationship computations.

109



BM4 (number of holes) BM4’s variation in the number of holes or inner
rings addresses the complexity of polygons and multi-polygons, as holes fun-
damentally alter spatial containment relationships and require sophisticated
geometric processing that can handle multi-ring polygon structures commonly
found in administrative boundaries and land use classifications.

To make benchmark requirements for vector data more adaptable to real-
world spatial data, we expand the requirements to include GeoNames data
(BM5), OpenStreetMap 2D building data (BM6), and CityGML 3D building
data (BM7).

6.2.2 Different Areas of Interest (BM8)

In practical applications, both vector and raster datasets are inherently asso-
ciated with specific areas of interest (AOIs), such as cities, lakes, countries,
continents, or user-defined regions. Benchmark BM8 evaluates the impact of
AOI variation on query processing performance within the VKG setting. By
integrating vector datasets of varying structures with raster datasets of varying
resolutions across multiple AOIs, this benchmark enables a systematic assess-
ment of VKG robustness across heterogeneous spatial contexts.

6.2.3 Raster Data Benchmarks (BM9–BM10)

AOI variation is particularly relevant for raster-oriented benchmarks
(BM9–BM10), as raster processing cost generally scales with the number of
cells involved. Raster benchmarks (BM9–BM10) extend the evaluation frame-
work to multidimensional, grid-based raster data within VKG systems.

BM9 (Spatial Resolution Variation) This benchmark analyses the effect
of changing spatial resolution on system performance. Spatial resolution di-
rectly influences memory requirements, processing time, and the granularity of
spatial analysis. While higher resolutions enable more detailed representations
and finer analytical precision, they substantially increase computational cost
due to the growth in raster cell count and the complexity of raster algebra
operations.

BM10 (Temporal Resolution Variation) BM10 investigates the influence
of temporal granularity on query execution. Many geospatial phenomena ex-
hibit dynamic behaviour, requiring the management of time-series raster data.
This benchmark evaluates the VKG system’s ability to handle temporal index-
ing, execute spatial-temporal queries, and perform reasoning, thereby assessing
performance as temporal resolution and data volume increase.

The combined variation of AOI extent (BM8) and spatial-temporal res-
olution (BM9-BM10) generates a spectrum of scenarios, ranging from high-
resolution analysis over small regions to coarse-resolution processing at the
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continental scale, which reflects realistic raster-based VKG workloads. Further-
more, evaluating spatial-temporal raster queries across different AOIs assesses
the system’s capacity to execute spatial-temporal operations consistently under
varying spatial extents.

6.3 Synthetic Data Generation

We engineered novel data generators to produce OGC-compliant vector and
raster data, each exhibiting distinct features that reflect real-world conditions,
enabling evaluation of VKG systems against the specified benchmarks. We
also ensure that these newly generated data comply with the semantics of
the respective ontologies and the mappings in the geospatial domain as sup-
ported by OntoRaster. A random seed has been initialised across all relevant
frameworks and libraries used in the benchmarking experiment to ensure re-
producibility.

6.3.1 Vector Data

The workflow for generating OGC-compliant vector data (all possible types
of polygons and multi-polygons) begins by defining an area of interest (AOI).
The spatial extent of the AOI is determined by a minimum bounding rectangle
(MBR) also known as a bounding box (bbox) specified by four corner points
designated by a combination of geographic coordinates, i.e., min longitude, min
latitude, max longitude, max latitude. In this research, all vector geometries
are generated with reference to the AOI’s bounding box, ensuring consistency
and comparability across geometries with different configurations. This makes
our data-generation method widely applicable to any AOI.

Figure 6.1: Generated polygons with increasing number of points (BM1)

Figure 6.1 depicts the synthetically generated polygons about Munich
(AOI), arranged in a grid of subplots, each representing a different number
of points, while other parameters, i.e., area, uniformity, are fixed under BM1.
The AOI is shown in the initial subplot as a reference for spatial context.
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Figure 6.2: Polygons with increasing area (in km2) - BM2

Subsequent subplots illustrate the evolution from simple polygons, such as tri-
angles (3 points) and quadrilaterals (4 points), to increasingly intricate shapes
that appear circular as the number of points increases. As the point density
increases to 500-1,000 points, the polygon edges exhibit distinctive spiky, star-
like characteristics, with high-frequency oscillations surrounding the centre. At
elevated point densities (5,000-10,000 points), the polygon boundaries coalesce
into a smooth, circular shape with minimal differences between spikes, which
likely signifies the optimal approximation of the AOI. The bounding box (red
dashed line) is uniformly illustrated in each subplot to enable spatial compari-
son. The generation process starts by calculating the centre point, or centroid,
of the AOI’s bounding box, which serves as the reference point for all polygons
and their point placement. For each specified number of points, ranging from
as few as three to as many as ten thousand, points are distributed uniformly
around the centroid. This is achieved by computing equal angular measures and
placing each point at a corresponding angle, thereby forming a regular polygon.
To introduce a degree of natural variability and avoid perfectly regular shapes,
small random perturbations are applied to the radius of each point. However,
these perturbations are carefully controlled to ensure that the overall area re-
mains consistent and that all points remain within the bounding box. Once
the points are determined, the polygon is constructed and represented in WKT
format, a standard for encoding geometric objects. Each polygon undergoes
a validation check to ensure compliance with OGC standards, which require
that it be simple, valid, and correctly oriented. If any issues are detected,
such as incorrect ring orientation or self-intersections, automated correction
procedures are applied to restore compliance. Figure 6.2 illustrates the syn-
thetically generated polygons with varying area (in km2) while the number of
points and uniformity are fixed (BM2). We have implemented a function in
the data generator that generates polygons with areas measured in km2. We
note this because all the considered geospatial data (both vector and raster)
use EPSG:4326 as the coordinate reference system (CRS), which supports area
measurements in degrees. This is not significant for standard area calculation,
given that the Earth is a sphere. Projecting geographic coordinates to a planar
coordinate system is necessary for accurate area calculation because angular
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Figure 6.3: Polygons with increasing number of points and single hole - BM4

measurements on a spheroidal Earth are distorted. Here we rely on another co-
ordinate reference system named Universal Transverse Mercator (UTM), which
splits the globe into sixty north-south zones, each being six degrees (6°) wide
in longitude [175]. In each zone, coordinates are measured in meters. UTM
zones are numbered one to sixty consecutively, starting with Zone 1, which
covers longitude 180° to 174°W; increasing eastward to Zone 60, which covers
longitude 174°E to 180°. Our function automatically determines the UTM zone
based on the AOI’s centroid (zone 33 for Munich) and generates the polygon
in UTM projection. Ultimately, the function converts the generated polygon
from UTM to EPSG:4326 geographic coordinates and outputs the WKT ver-
sion. Figure 6.3 illustrates the synthetically generated polygons with a single
hole and varying numbers of points, while area and uniformity are fixed (BM4).

6.3.2 Raster Data

Figure 6.4 illustrates the synthetically generated raster data with reference
to the bounding box of Munich (AOI) with varying spatial resolution (2000
meters to 50 meters per pixel). We calculated the spatial distance for each
raster pixel in UTM coordinates. Note that the generated raster data do not
reflect any particular continuous phenomenon (e.g, temperature, rainfall) over
the earth. So, we relied on four distinct geospatial raster datasets, as displayed
in 5.3, including their data type, satellite sensors, feature unit, feature count,
and spatial and temporal resolutions, to benchmark OntoRaster, as shown
in Table 6.2.

Figure 6.4: Generated raster data with varying spatial resolution

113



Table 6.2: Munich Raster Data Used in Benchmarks

Data Data Source Feature Feature Spatial Temporal
Type Field and Sensors Unit Count Resolution Resolution

Raster (R1) Elevation SRTM PIXEL 873010 30m x 30m -
Raster (R2) NDVI Vegetation MODIS PIXEL 15925 250m x 250m 16 days
Raster (R3) Snow Cover NDSI PIXEL 4048 500m x 500m daily
Raster (R4) Land Temperature MODIS PIXEL 1012 1000m x 1000m daily

Figure 6.5: Spatial and Spatial Temporal Queries

6.4 Experiments

Here we describe the experimental benchmark to test the extended VKG frame-
work, OntoRaster in the context of query answering over raster and vector
data over Munich (running example AOI). Data generators are used to generate
different vector geometries, e.g., polygons and multipolygons, with an increas-
ing number of points while holding the area (km2), uniformity, and the number
of inner rings (or holes) fixed. To test the scalability of VKG systems with re-
spect to growing vector datasets (polygons and multipolygons), the benchmark
scripts run each benchmark by varying a single parameter in the RasSPARQL
queries while keeping the others fixed.

6.4.1 Benchmark Queries

Spatial queries require at least one raster dataset and a geometry (polygon or
multipolygon) in OGC WKT format, subsequently cropping the input raster
dataset to conform to the spatial shape of the specified geometry. The resulting
raster data can be spatially aggregated to a single value (output1 ) or preserved
as a filtered array (output2 ), as illustrated in Figure 6.5. On the other hand,
spatial-temporal queries accept several time slices of raster data over a speci-
fied time frame. These queries generate either temporally aggregated values or
collections of filtered raster arrays conforming to the input geometry’s spatial
bounds, as demonstrated in Figure 6.5. The first query (QBM1) integrate syn-
thetically generated geometry i.e., syntheticWkt and temperature raster data
(R4) over Munich. This query can also be extended with different properties
of vector data as mentioned in the section 6.2, which results in QBM2, QBM3,
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QBM4 and QBM8

QBM1: Find spatial average temperature for synthetically generated geometry
over Munich.

1 SELECT ?answer {

2 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

3 FILTER (CONTAINS(?rasterName, ’Munich_MODIS_Temperature_1km’))

4 BIND (’{syntheticWkt}’^^geo:wktLiteral AS ?regionWkt)

5 BIND (’2022-01-01T00:00:00+00:00’^^xsd:dateTime AS ?timeStamp)

6 BIND (rasdb:rasSpatialAverage(?timeStamp, ?regionWkt, ?rasterName) AS

?answer)

7 }

To enable more comprehensive benchmarking, such as BM5, BM6, and
BM7, we enriched spatial and spatial-temporal queries with GeoNames
data, OSM 2D Building data, and CityGML 3D data, which results in
QBM5, QBM6, and QBM7. The spatial query QBM5 utilises S.RSTN

(“railroad station“), one of 680+ GeoNames features1 (e.g., S.UNIV,

H.LKS, S.MTRO etc.) as an additional input to integrate GeoNames with
raster data w.r.t. respective ontologies.

QBM5 : Find spatial average temperature for synthetically generated geometry
in Munich (AOI) and all railroad stations lying within it.

1 SELECT ?featureName ?answer {

2 ?gname a gn:S.RSTN ; # or S.UNIV, H.LKS etc., 680+ GeoNames classes

3 ?gname rdfs:label ?featureName ; geo:asWKT ?featureWkt .

4 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

5 BIND (’{syntheticWkt}’^^geo:wktLiteral AS ?regionWkt)

6 FILTER (geof:sfWithin(?featureWkt,?regionWkt))

7 FILTER (CONTAINS(?rasterName, ’Munich_MODIS_Temperature_1km’))

8 BIND (’2022-01-01T00:00:00+00:00’^^xsd:dateTime AS ?timeStamp)

9 BIND (rasdb:rasSpatialAverage(?timeStamp, ?regionWkt, ?rasterName) AS

?answer)

10 }

Similarly, spatial query QBM6 takes residential as an additional input,
which comprises 100+ OSM building types (e.g. Hospital, Schools,

Industrial, Townhall) to join OpenStreetMap building data with
raster data conforming to respective ontologies.

QBM6: Find spatial average temperature for synthetically generated geometry in
Munich (AOI) and all residential buildings lying within it.

1 SELECT ?bldgName ?answer {

2 ?building a lgdo:Residential .#or Hospital, School.., 100+ OSM

3 ?building rdfs:label ?bldgName ; geo:asWKT ?bldgWkt .

4 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

5 BIND (’{syntheticWkt}’^^geo:wktLiteral AS ?regionWkt)

6 FILTER (geof:sfWithin(?bldgWkt,?regionWkt))

1https://www.geonames.org/export/codes.html
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7 FILTER (CONTAINS(?rasterName, ’Munich_MODIS_Temperature_1km’))

8 BIND (’2022-01-01T00:00:00+00:00’^^xsd:dateTime AS ?timeStamp)

9 BIND (rasdb:rasSpatialAverage(?timeStamp, ?regionWkt, ?rasterName) AS

?answer)

10 }

QBM10 : Find monthly average temperature for synthetically generated vector
geometry over Munich.

1 SELECT ?answer {

2 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

3 FILTER (CONTAINS(?rasterName, ’Munich_MODIS_Temperature_1km’))

4 BIND (’{syntheticWkt}’^^geo:wktLiteral AS ?regionWkt)

5 BIND (’2022-01-01T00:00:00+00:00’^^xsd:dateTime AS ?startTimeStamp)

6 BIND (’2022-02-01T00:00:00+00:00’^^xsd:dateTime AS ?endTimeStamp)

7 BIND (rasdb:rasTemporalAverage(?startTimeStamp, ?endTimeStamp,

8 ?regionWkt, ?rasterName) AS ?answer)

9 }

6.5 Performance

We developed Python scripts for each defined benchmark to be executed on
the Docker implementation of OntoRaster2, which handles raster, relational,
and vector data and relies on PostgreSQL and RasDaMan as the underlying
RDBMS and array DBMS. The Docker implementation includes all the es-
sential raster functionality and supports incremental integration of multiple
data sources while maintaining portability. The operating system is based on
Ubuntu 20.04 LTS and leverages the full hardware capacity, comprising an x64
architecture with an 11th Gen Intel(R) Core(TM) i7-1185G7 CPU (4 cores
@3.47GHz), 32 GB of RAM, and a 1 TB NVMe WDC SSD.

6.5.1 Result

The benchmarks were executed using spatial aggregated queries that produce
aggregated outputs (e.g., statistical averages, minimum, and maximum). This
establishes a controlled performance baseline, as aggregation returns a single
result size, whereas queries that return filtered raster subsets (e.g., clipped
arrays) inherently require additional processing, memory allocation, and data
serialisation, leading to longer execution times. Moreover, the performance
characteristics of such non-aggregated queries are strongly dependent on spe-
cific application requirements, including output resolution, spatial extent, and
downstream processing needs. By focusing on aggregated queries, the evalua-
tion ensures comparability across experiments and captures the system’s core
computational behaviour.

2https://github.com/aghoshpro/OntoRaster.git
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Figures 6.6 – 6.10 show bar diagrams to portray the performance of the
extended VKG framework OntoRaster’s query answering over raster and
vector data query answering over varying benchmark conditions. Each figure
shows the number of polygon points on the x-axis, with query processing time,
measured in seconds, plotted on the y-axis using a logarithmic scale. This
enables a comprehensive understanding of the computational demands of raster
data processing under VKG.

Figure 6.6: Polygon with varying number of points vs raster

Figure 6.6 demonstrates the direct relationship between polygonal complex-
ity and query processing time for spatial operations executed over the temper-
ature raster dataset (R4). As the number of polygon vertices increases from
3 (simple shape polygon) to approximately 10,000 (highly detailed polygon),
a clear and consistent increase in query processing time is observed across all
evaluated polygon areas, ranging from 5 km2 to 500 km2. This means that spa-
tial queries take longer to execute when polygons become more geometrically
detailed, even if their overall area remains the same. In practical terms, poly-
gons with more vertices require more computational effort to evaluate their
boundaries against the raster grid. Although larger polygons (e.g., 250–500
km2) generally show slightly higher processing times than smaller ones (e.g.,
5–25 km2), the overall trend is similar for all area categories. This indicates
that polygon complexity (number of points) has a stronger impact on query
performance than polygon size (area) for raster R4. In other words, increasing
the number of vertices consistently slows down processing, regardless of how
large the polygon is. The fitted regression lines closely follow the measured
values, and the high R2 values (0.96–0.98) indicate that the number of polygon
points accounts for most of the variation in processing time. The relatively
small error bars further indicate that the measurements are stable and repro-
ducible. Overall, spatial query performance is primarily driven by polygon
geometry complexity rather than polygon area for coarse resolution raster data
such as R4. This highlights the importance of simplifying polygon boundaries
when performing spatial queries over raster datasets, especially in workflows
involving large or highly detailed vector geometries.
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Figure 6.7: Polygon vs different rasters

Figure 6.7 compares the effect of polygon complexity on spatial query pro-
cessing time across four raster datasets as listed in Table 6.2, with different
spatial resolutions: Elevation (R1, 30 m), NDVI (R2, 250 m), Snow (R3, 500
m), and Temperature (R4, 1000 m). For each raster, polygons with areas rang-
ing from 5 km2 to 500 km2 are evaluated while increasing the number of polygon
vertices from 3 to approximately 10,000. Polygon complexity, expressed as the
number of vertices, is the primary driver of processing time across all exper-
iments: for every raster and polygon area, execution time increases steadily
as the number of points grows from simple to highly detailed geometries. In
contrast, raster resolution primarily affects the overall processing time rather
than the scaling behaviour. Finer-resolution rasters (e.g., R1 at 30 m) con-
sistently exhibit higher processing times than coarser rasters (e.g., R3 at 500
m and R4 at 1000 m) because more raster cells must be evaluated per query.
However, the similar slopes and high R2 values across all rasters indicate that
resolution does not alter the fundamental relationship between polygon com-
plexity and query cost. Thus, while raster resolution determines the absolute
cost of a query, polygon complexity determines how rapidly that cost increases
as geometries become more detailed. Overall, polygon complexity and area are
the dominant factors affecting spatial query performance, as they determine
the amount of raster data cropped out, whereas spatial resolution primarily
scales execution time. To rigorously evaluate OntoRaster under realistic,
data-intensive conditions, we incorporated high-density feature classes from
real-world vector datasets across the selected AOIs, including GeoNames point
features, OSM 2D building footprints, and CityGML 3D building data. For
GeoNames, railroad stations (i.e., S.RSTN) were chosen because they exhibit
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Figure 6.8: Polygon encompassing GeoNames data vs raster data

the highest frequency of occurrence in Munich compared to other feature types
such as universities, lakes, or mountains.

Figure 6.8 illustrates the relationship between polygon complexity and
query processing time when spatial queries (i.e., QBM5) integrate GeoNames
point data with raster dataset R4. Across all polygon areas, increasing geomet-
ric complexity leads to a gradual increase in execution time, confirming a direct
dependence of processing cost on vertex count. As the polygon area expands
from 5 km2 to 500 km2, the number of enclosed railroad stations grows pro-
portionally, introducing an additional workload component. This results in a
steady upward shift in absolute processing times. While smaller polygons (area
of 5–25 km2) show greater dispersion and comparatively lower R2 values—likely
due to localised variations in point distribution—larger extents (250–500 km2)
exhibit stronger linear trends and improved goodness-of-fit. Overall, the re-
sults demonstrate that polygon complexity remains the dominant driver of
performance, whereas the increasing number of intersecting GeoNames fea-
tures primarily affects the magnitude of execution time. For the OSM dataset,

Figure 6.9: Polygon encompassing the OSM buildings vs raster data

residential buildings constitute the numerically dominant class, substantially
exceeding other categories such as schools, hospitals, and industrial, and
are better suited for street testing OntoRaster. Figure 6.9 depicts the rela-
tionship between polygon complexity and spatial query processing time when
polygons containing OSM building data are evaluated against the temperature
raster dataset R4. Although the first subplot (5 km2) appears visually sparse,
this effect is caused by the uniform logarithmic y-axis scale applied across all
panels; the underlying measurements are present and follow the same general
trend. As polygon area increases from 5 km2 to 500 km2, the number of en-
closed residential buildings grows proportionally, leading to a systematic
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rise in absolute processing time. Across nearly all polygon areas (with the
exception of the 25 km2 case, which exhibits greater dispersion and a lower
R2 value), the regression results indicate a strong linear relationship between
vertex count and query time on a logarithmic scale. This demonstrates that ge-
ometric complexity remains the primary determinant of performance, while the
increasing volume of embedded building features contributes an additive cost
component. Overall, the results confirm that when raster queries are combined
with dense vector features such as OSM buildings, execution time scales pre-
dictably with polygon complexity and spatial extent. The dominant influence
of vertex count persists even in the presence of large numbers of intersecting
residential objects, indicating robust and consistent system behaviour for
integrated raster–vector workloads.

Figure 6.10: Polygon Vs temperature raster data (R4) over Munich (urban),
Bavaria (state) and Sweden (country)

Figure 6.10 presents spatial query processing times for increasing polygon
complexity across three areas of interest (AOIs): Munich, Bavaria, and Swe-
den over the temperature raster dataset (R4). Polygon complexity is defined
by the number of vertices and evaluated over the polygon with an area of
5–500 km2. Processing time is shown on a logarithmic scale. Across all AOIs,
scaling behaviour is highly consistent despite differences in spatial extent and
geographic structure. Munich, representing a compact urban setting, shows
slightly greater variability for some intermediate polygon area (e.g., 50 km2),
reflected in marginally lower R2 values. Bavaria and Sweden exhibit more uni-
form trends across all polygonal areas, indicating stable performance in larger,
more heterogeneous regions. These variations primarily influence measurement
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dispersion, not the fundamental relationship between complexity and execution
time. Within each AOI, increasing polygon area leads to a moderate rise in ab-
solute processing time; however, its effect is secondary to geometric complexity.
The near-parallel regression lines across AOIs and polygon areas demonstrate
that performance degradation scales consistently with vertex count, indepen-
dent of whether queries operate at local, regional, or national extents. Overall,
the results confirm that polygon complexity is the principal driver of raster-
based spatial query performance.

6.6 Conclusions

This study presents a comprehensive performance evaluation of specialised
VKG systems designed to execute queries over heterogeneous raster data
integrated with diverse relational and vector datasets. To enable a sys-
tematic and reproducible assessment, we define ten benchmarking criteria
(BM1–BM10) that encompass key characteristics of both raster and vector
data. A parameter-isolation methodology is employed, where individual pa-
rameters are varied independently while all other parameters are held constant.
Using this approach, we evaluate the performance of OntoRaster across vary-
ing raster properties, including spatial resolution, temporal resolution, pixel
density, and spatial coverage. Correspondingly, vector data properties such as
point density, spatial extent, and structural complexity are analysed to assess
their impact on system performance. Furthermore, the evaluation incorporates
complex real-world vector datasets, notably GeoNames and OpenStreetMap,
to reflect practical usage scenarios. Benchmarking CityGML data combined
with raster data is considered in this chapter, but the results are not included
in the thesis due to incomplete experimentation. Synthetic data generators are
developed to produce OGC-compliant polygon and multipolygon geometries
that are consistent with the underlying ontologies. The logarithmic scale is
employed for query processing time (y-axis) to compress wide-ranging values
and highlight proportional increases and exponential trends in computational
overhead, enabling clear discernment of performance patterns across magni-
tudes that a linear scale would obscure.

Figure 6.6 shows, for the temperature raster (R4), query processing time is
increasing with vertex count, from 10−2 seconds at 3 points to 100 seconds at
10,000 points across 5–500 km² areas, with strong linearity (R² = 0.96–0.98).
Figure 6.7 depicts query processing time over four different raster data sets,
indicating amplification with finer spatial resolution, with elevation (R1, 30
m) raster data reaching 100 seconds compared with coarser snow (R3, 500 m)
and temperature data for complex polygons. Figure 6.8 depicts a result bar
chart for RasSPARQL query processing time with GeoNames point data, at-
taining 100 seconds for 5 km² polygons but 101 seconds for 500 km² polygons.
Figure 6.9 shows OSM buildings yielding processing time 100 seconds for 5
km² polygons but 103 seconds for 500 km² polygons as the number of OSM
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features increased along with polygon area. Figure 6.10 confirms consistent
trends across different AOIs, Munich, Bavaria, and Sweden, for similar com-
plexities. These findings underscore the need for vector-geometry optimisation
to enhance VKG scalability in industrial geospatial contexts and to accommo-
date heterogeneous data.

Due to the absence of standardised benchmarks specifically designed for
combined raster–vector scenarios, we designed a custom evaluation framework
grounded in realistic use cases and informed by requirements from geospatial
domain experts. In contrast to traditional synthetic benchmarks, our evalua-
tion emphasises practical applicability by using real-world datasets. However,
a limitation of this approach is that it does not explicitly evaluate scalability
as data volumes increase, a dimension typically addressed by synthetic bench-
marks through controlled, repeatable experiments. Future work will apply the
proposed benchmarks to other VKG systems supporting raster data, such as
Plato [164], as well as to materialised knowledge graph (MKG) systems, includ-
ing GeoSPARQL+ and GeoLD, enabling broader and more robust comparative
evaluations against the results obtained with OntoRaster.
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Chapter 7

Semantic Enrichment of
Location-Based Business
Intelligence

This chapter is based on our paper [86]. Data-driven businesses seek assurance
that their information is streamlined, production-ready, and trustworthy before
using it to understand key business factors and make informed decisions at any
given time [79]. Business Intelligence (BI), primarily facilitates storing and
disseminating an organisation’s data by relying on a suite of decision support
tools designed to empower people such as executives, managers, analysts, etc.,
to enhance the quality and speed of their integrated decision-making across
all aspects [58]. BI has traditionally focused on analysing tabular data with
attributed numerical values and is now rapidly expanding to include other
data types, such as graph and array data [64]. Nowadays, data are generated
relentlessly from various sources in diverse representations at massive scale,
leading to bottlenecks in data management and processing and giving rise to
the notorious issue of data heterogeneity [6].

Effective BI over heterogeneous data sources (both structured and unstruc-
tured) requires interconnecting the data in a semantically coherent manner so
that the data can be queried and analysed in a uniform way to extract business
insights that aid informed decision-making [64]. However, current data man-
agement mechanisms do not natively support all data formats; for instance,
geospatial raster data represented as multidimensional arrays poses a signifi-
cant challenge in the BI domain.

Uniformly querying and integrating these diverse types of data requires
practical geospatial data management expertise and extensive domain knowl-
edge, which may not be readily available to business managers, analysts, or
policymakers [86]. This hinders the resolution of contemporary issues in large-
scale geo data applications, including Earth Observation (EO), Geographic
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Information Systems/Building Information Modelling (GIS/BIM) integration,
and 3D/4D urban planning [44]. Moreover, it involves visualising query results
as vectors and rasters to facilitate the perpetual accessibility and reproducibil-
ity of geo-visual analytics, thereby enabling the generation of location-based
intelligence.

7.1 Related Works

Laborie et al. [142] described two possible approaches to combine the seman-
tic web and BI: (i) the analysis-oriented and (ii) the modelling-oriented ap-
proach. In the former case, conventional BI relies on popular materialisa-
tion approaches, such as Extract-Transform-Load (ETL) and Extract-Load-
Transform (ELT), to prepare heterogeneous datasets for analysis, with the
transformed data typically stored in a relational data warehouse [12]. Con-
sequently, the entire dataset is re-materialised to incorporate recent external
changes, incurring additional overhead. It becomes more challenging in the con-
text of heterogeneous geospatial data, including large raster data (e.g., satel-
lite images) and vector data (e.g., geometrical). In a recent work, Kyriakos
et al. [141] discuss business insight generation and policymaking by utilising
multidimensional satellite imagery and machine learning to detect unplanned
urbanisation, which contributes to the financial crisis and impedes economic
growth. A prevalent method for accessing and analysing these diverse data
sources is to develop ad hoc scripts in Python, R, or MATLAB; however, this
requires extensive domain knowledge and proficiency across many tools at var-
ious levels. Furthermore, whenever the data sources change, the entire script
may need only minimal adjustment or, in the worst case, be completely rewrit-
ten.

The latter entails conducting the analysis directly on the Linked Data with-
out prior ETL. This strategy appears more effective, but it requires an advanced
conceptual representation of the data (using a domain ontology). In the lit-
erature, this issue has been addressed only to a limited extent in the VKG
settings and their application to BI, which could benefit both the GIS and
Semantic Web communities. GeoKGs bridge Symbolic AI (logic-based) and
Connectionist AI (machine learning), as demonstrated in studies employing
KG embeddings to learn spatial/temporal rules or neural networks for advanced
spatial relations [240, 160]. This facilitates the development of a neurosymbolic
Geospatial AI (GeoAI), enabling the integration of theory and data to ethically
guide AI systems in processing geospatial data [160]. GeoAI combines symbolic
approaches—such as geospatial knowledge graphs for structured reasoning and
data integration [121]—with sub-symbolic methods like deep learning for large-
scale image analysis and pattern recognition [184, 154]. This synergy addresses
limitations in traditional GIS, enabling spatially explicit models that handle
complex data types, including remote sensing imagery and point clouds, while
incorporating semantic interoperability [198]. By leveraging RDF-based ontolo-
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gies to address vagueness and uncertainty in spatial relations, GeoAI enhances
knowledge discovery, geographic question answering, and data fusion. Future
research should focus on hybrid symbolic-sub-symbolic frameworks to improve
interpretability and scalability in semantic web applications [204]. Most of
these works mentioned in the literature are related to GIS/BIM utilising basic
vector data, and none employ raster data in VKG settings.

7.2 Geospatial Business Intelligence (GeoBI)

GeoBI1 integrates with established BI technologies [8], and is becoming a
prominent driving force that empowers geographical location-based decision-
making and product design in industrial organisations [103]. GeoBI integrates
spatial analysis and map visualisation with established BI technologies to en-
hance corporate data analysis and facilitate more informed decision-making for
enterprises [19]. The majority of GeoBI applications are based on relational
data, including vector data (e.g., points, lines, and polygons)[56].

However, the inclusion of raster data is often overlooked due to its complex
nature and the requirement of specialised domain expertise. Traditional GIS-
based tools, such as ArcGIS2 and QGIS3, provide robust tools for working with
geospatial data in geographic applications. Still, geospatial data and processing
are no longer limited to those products. Thanks to OGC standards, geospatial
data has become a key enabler for many mass-market applications, including
web-based mapping and location-based services.

7.2.1 Raster Data in GeoBI

As mentioned earlier, raster data is also referred to as a data cube or a hyper-
cube, a term that originates from the BI domain in the 1990s, where it is
referred to as Online Analytical Processing (OLAP) cube [212, 105]. Gener-
ally, it refers to an array of multiple dimensions utilised to aggregate statistical
measurements, including the mean, variance, and median, across combinations
of values across several dimensions, which may be hierarchical in nature [92].
Later, Spatial-OLAP (SOLAP) was introduced by adding spatial features and
dimensions to support vector data within the OLAP cube [102]. GIS experts
in the Earth Observation (EO) domain use datacube to refer to large analysis-
ready raster data sets retrieved from satellite sensors such as Landsat and
Sentinel [212]. State-of-the-art EO data cubes have long been used to facilitate
the representation of geospatial data, making it easier to access, analyse, vi-
sualise, and distribute analysis-ready data (ARD) [83]. The Open Data Cube4

(ODC) [133] is a free and open-source initiative that specifies best practices for

1https://www.ogc.org/about-ogc/domains/geobi/
2https://www.esri.com/en-us/arcgis/geospatial-platform/overview
3https://qgis.org/
4https://www.opendatacube.org/
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designing operational EO data cubes, hence improving the global utilisation of
EO satellite data for the community to advance technology and its applications
for societal benefit. [16].

The concept behind EO data cubes is similar to that of BI data cubes,
though the two are not identical. EO data cubes are always densely populated,
while BI data cubes are typically sparse, which limits the use of the OLAP
approach in EO data cubes or geospatial raster data [24, 214, 29]. The com-
plexity of raster data can be daunting for business analysts without adequate
GIS expertise, hindering their ability to interpret it and derive location-based
business intelligence. Therefore, we aim to establish a comprehensive data
management pipeline to streamline the generation of location-based business
insights from multidimensional raster data using knowledge graphs (virtual),
requiring minimal user input. Note that Abad et al., [1] investigated the usage
of vector data cubes for the structuring and analysis of features that evolve in
space and time, with a special focus on geomorphological features due to their
significant spatiotemporal variability.

7.3 Extending VKGs to GeoBI

Formulating SPARQL queries over a KG can be challenging, especially for
business professionals who are not familiar with its syntax and semantics, and
semantic web notions in general [135]. We have therefore experimented with
different methods to support the use of BI tools in the VKG setting. Extending
VKGs for GeoBI requires addressing integration barriers, such as the complex-
ity of SPARQL for non-experts and handling diverse data types, including
multi-polygons and high-resolution raster data [234, 44]. The enhanced On-
toRaster framework supports complex vector geometries (e.g., multi-polygons
with holes) via functions such as ‘geo2grid coords()‘, leveraging affine trans-
formations and libraries such as Shapely, while incorporating public datasets
such as GeoNames, OSM, and CityGML [229, 70, 138]. Multi-resolution raster
data is managed natively, aligned with array database standards such as WCPS
for server-side processing [25]. Geographic map visualisations of query results,
including choropleths and heat maps, provide at-a-glance insights, as in GO-
dIVA’s interactive interfaces for spatial-temporal analysis [68]. Integration with
BI tools occurs via: (1) exporting RasSPARQL results as CSV/JSON for Power
BI dashboards; (2) SQL-Interface (via JDBC), translating SQL to internal
queries, reducing joins and extending for raster [142]. Recent advancements in
geospatial data management, including GIS/BIM at the data-processing level
and topology for spatial relations, inform these expansions, with future di-
rections in GeoAI, streaming, and graph databases for real-time BI [44, 203].
This transforms VKGs into GeoBI facilitators, supporting applications such as
urban planning, environmental resource management, and earth observation
[141, 64].

We used YASGUI, an integrated SPARQL editor and result set visual-
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(a) Q1 (b) Q2

Figure 7.1: Dashboard reports for Q1–Q2 in Ms Power BI

izer [190], developed by Triply5 to accommodate OGC GeoSPARQL standard
capabilities, which facilitate the querying of geospatial relationships, presenting
them in a standard result set in tabular format with automatically rendered
geographical map visualisation [30].

7.3.1 Method 1: OntoRaster + Power BI Tools

The OntoRaster framework yields two outputs: spatial-temporal aggregated
values and filtered raster arrays. The first method is simple and essentially re-
stricted to aggregated values, since handling filtered raster arrays (which are
retrieved as RDF strings) requires further processing, depending on the use
case, since RDF does not yet support the array data type. Hence, process-
ing large arrays simply as strings would negatively impact performance. On-
toRaster provides users with the option to export query results in two file
formats: .csv and .json, which are widely used in the business domain. The
exported .csv file containing the query results can be loaded into Power BI
using the native built-in CSV connector. Similarly, if the output is in .json

format, then it can be loaded into Power BI using a JSON connector. Fig. 7.1
illustrates the interactive dashboards based on the results of queries Q1–Q2,
created with Power BI’s supported map visualisations: shape map, filled map,
and world map. Business professionals can interact with these dashboards to
evaluate RasSPARQL query results based on VKGs generated from combined
relational and raster data via mappings.

7.3.2 Method 2: Ontopic Suite’s Semantic SQL Interface
and BI Tools.

Ontopic Suite6 is an intuitive, no-code environment that connects to cloud or
on-premises data and provides a user-friendly interface for designing declarative
mappings of a VKG, thereby exposing the underlying legacy data. In general,

5https://yasgui.triply.cc/
6https://docs.ontopic.ai/suite/
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VKGs cannot be queried directly from BI tools, since such tools expect a tra-
ditional relational interface and issue SQL queries directly (e.g., via JDBC).
To overcome this restriction while still leveraging the KG’s semantic abstrac-
tion layer, Ontopic Suite can expose the KG via its Semantic SQL Interface
component as a set of relational tables that can be queried using traditional
SQL code in BI tools. Such tables are organised to support efficient query
evaluation with fewer relational joins. e.g., when data properties are relevant
for the instances of a class C, they are grouped as attributes in a single table,
whose primary key is given by an attribute containing the IRIs of C. In this
way, one can avoid numerous costly joins whenever the query needs to return
instances of the class, along with (some or all) of their data properties, which
is a common request in a BI scenario. A SQL query issued via Ontopic Suite’s
Semantic SQL Interface is translated into Ontop’s internal intermediate query
(IQ) representation, a uniform format for processing queries over the KG. From
that moment onwards, queries are processed by Ontop in the same manner
as SPARQL queries issued directly over the VKG. We are currently extending
the SQL Interface component to support raster query functionality, enabling
corresponding requests to be issued directly from BI tools. Such extended func-
tion calls are recognised internally by OntoRaster and processed in the same
way as those appearing in RasSPARQL queries. We observe that the Semantic
SQL Interface is a proprietary software component commercialised by Ontopic
and, therefore, its extension to raster functionality cannot be released as open
source.

7.3.3 Method 3: Natural Language-to-SPARQL query by
LLMs.

Large Language Models (LLMs) have shown significant potential for both spa-
tial analysis and KG-based solutions separately. However, their synergistic inte-
gration within the Virtual Knowledge Graph (VKG) paradigm remains largely
unexplored, particularly for querying geospatial raster data, where complex
raster functionality must be seamlessly integrated with semantic queries gener-
ated from natural language. To address this challenge, we proposed an exper-
imental method, a Retrieval-Augmented Generation (RAG)-based approach,
that leverages LLMs to generate RasSPARQL queries with raster functionality
from natural-language queries in VKG settings. Figure 7.2 displays the pro-
posed RAG implementation, which employs a systematic data preprocessing
pipeline in which ontologies and RasSPARQL query syntaxes undergo format
standardisation through a document abstraction layer of LangChain7. This
transformation encapsulates comprehensive textual information while preserv-
ing both primary content and associated metadata. Automated segmenta-
tion is applied to each data object using configurable chunking algorithms
that partition large-scale textual data into semantically coherent fragments.

7https://python.langchain.com/docs/introduction/
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Figure 7.2: RAG Pipeline - Natural Language Query to RasSPARQL

This chunking strategy addresses the contextual window limitations inherent
in transformer-based LLMs while optimising information density per retrieval
unit, thereby minimising noise injection during the generation phase. Each
document is transformed into a high-dimensional vector representation us-
ing pre-trained embedding models, thereby capturing semantic relationships
within the latent space. These embeddings are subsequently indexed in Chro-
maDB, a specialised vector storage optimised for similarity search, laying the
foundation for efficient similarity-based retrieval. Semantic similarity is com-
puted using cosine similarity between query embeddings and stored document
chunk embeddings. Relevant chunks are retrieved based on similarity scores
using LangChain’s RetrievalQA framework, providing contextually relevant in-
formation to augment the language model’s response generation process (RasS-
PARQL).

7.4 Conclusion

We have outlined approaches to utilise semantic query results from On-
toRaster within standard BI tools (e.g., PowerBI8) to produce semantically
enriched business information through map-based visualisations, contributing
to Geospatial Business Intelligence (GeoBI). Furthermore, we have presented
Ontopic Suite’s Semantic SQL interface to enable direct querying of KGs from
BI tools, and we have proposed enhancing the SQL interface with raster func-
tions to query integrated raster and relational data under OntoRaster. As
a valuable addition given recent advancements in AI, we have developed an
LLM-based RAG approach that translates natural-language queries into RasS-
PARQL queries, which can be executed on OntoRaster. RAG is effective
at producing basic RasSPARQL queries from natural language; however, its
performance tends to decline, leading to hallucination artefacts when gener-
ating structurally complex queries. This limitation stems from the inherent
constraints of retrieval-based augmentation in capturing intricate ontological
relationships and query composition patterns required for sophisticated seman-

8https://www.microsoft.com/en-us/power-platform/products/power-bi
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tic query construction. In future, we plan to follow two LLM-based approaches,
such as GraphRAG [73, 202] and Low-Rank Adaptation (LoRA) [117], a well-
known Parameter-Efficient Fine-Tuning (PEFT) [162] technique to adapt pre-
trained LLMs for the comprehension of ontology axioms and the synthesis of
complex RasSPARQL queries suited for VKG specifications of OntoRaster.
This approach enables the language model to internalise domain-specific se-
mantic patterns and query-generation heuristics through supervised learning
on curated training exemplars, with minimal changes to the model’s parame-
ters. Additionally, we intend to provide a more intuitive business dashboard
for OntoRaster to facilitate direct and robust query formulation and to bet-
ter visualise the resulting raster data in OGC formats such as GeoTIFF9 and
CovJSON10 over OpenStreetMap.

9https://www.ogc.org/publications/standard/geotiff/
10https://www.ogc.org/publications/standard/coveragejson/
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Chapter 8

Discussion

The work in this thesis broadens our understanding of multidimensional raster
data management under the Virtual Knowledge Graph (VKG) paradigm. It
introduces a novel VKG framework, OntoRaster, to support the manage-
ment and querying of multidimensional raster data integrated with relational
data (including vector data) and linked data, by leveraging VKG virtualisation
across several ontologies and mappings. We conclude this thesis by summaris-
ing our key contributions by addressing the research questions posed in section
1.2. We also suggest potential directions for future research.

8.1 Key Contributions

This section discusses the primary contributions of the thesis. To ensure clarity
and systemic organisation, we first list each research question and subsequently
outline the specific contribution for each chapter.

RQ1: What is an effective architecture for the integration of different data for-
mats relevant to geospatial data, especially, raster data, general relational
data, geometric vector data and linked data using the VKG paradigm?

RQ2: How can we devise effective query plans that guide the structuring and
efficient processing of spatial queries over integrated data?

• Chapter 4 contributes to the resolution of two research questions RQ1
and RQ2 by presenting OntoRaster, a novel extended VKG frame-
work to query for the first time multidimensional raster data combined
with relational data, including vector data, on the fly by connecting the
array DBMS RasDaMan to the VKG system Ontop. To achieve this,
we defined the RasSPARQL language by extending SPARQL with cus-
tom raster functions to query over VKGs. We then developed a query
transformation system that includes several stored procedures written in
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PL/Python and PL/pgsql, thereby enabling PostgreSQL to act as a fed-
erator between the VKG engine Ontop and array DBMS RasDaMan to
query heterogeneous raster data. It routes the translated SQL-SQL/MDA
query from Ontop to the corresponding relational (RDBMS) and array
data sources (RasDaMan), as specified in the RasSPARQL query, and
executes them separately. After execution, the retrieved sub-answers
(containing relational and raster arrays) are joined and then returned
to Ontop to generate a virtual knowledge graph that answers the user’s
semantic query. The most notable contribution of this article lies in its
utilisation of the array-handling capabilities of an array DBMS to per-
form queries on large raster datasets in their original data structure, i.e.,
multidimensional arrays, without conversion. This eliminates the need
for costly data transfer and for raster data to be transformed into rela-
tional databases. OntoRaster supports a wide range of queries, limited
only by the data-processing and functional capabilities of PostgreSQL
(RDBMS) and RasDaMan (array DBMS) for managing relational and
raster data, respectively.

RQ3: How can we support the formulation of rich geospatial queries over the in-
tegrated datasets through intelligent, context-aware, reasoning-supported
visual interfaces?

• Chapter 5 presented a set of spatial and spatiotemporal RasSPARQL
queries executed on OntoRaster, which integrates multidimensional
raster data with heterogeneous vector datasets, including OpenStreetMap
(OSM) 2D building data, CityGML 3D building models, and GeoNames
point feature data. The corresponding query results (tabular) and visu-
alisations of the geo map were also demonstrated, with a detailed expla-
nation. This answered research question RQ3.

RQ4: How can the developed techniques and prototype system be rigorously eval-
uated using diverse, real-world datasets that vary in structural complexity,
spatial distribution, and semantic density?

• Chapter 6 explored a solution to research question RQ4 by providing
several benchmarks for the performance evaluation of specialised VKG
systems, i.e., OntoRaster that support query answering over multidi-
mensional raster data combined with various vector data. To enable a
thorough assessment of such systems, we define 10 benchmarking crite-
ria (BM1-BM10). Utilizing a parameter isolation approach—where one
parameter is varied while others are held constant—we systematically
analyse performance with respect to different raster data attributes (in-
cluding spatial and temporal resolution, pixel density, and coverage area),
the geometric complexity of vector data (such as point density, coverage
area, and structural uniformity), and the integration of public datasets
such as GeoNames, OpenStreetMap. Synthetic data generators were de-
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veloped to produce OGC-compliant geometries (polygons and multipoly-
gons) aligned with relevant ontologies. Our research provided interesting
insights, such as query processing times ranging from 0.1 to 600 seconds
across all benchmarks, which are reasonable for handling both raster and
vector data.

RQ5: How can the developed techniques and prototype system be used in spatial
business intelligence?

• Chapter 7 provide solution of research question RQ5 by demonstrating
BI application of OntoRaster. It outlined approaches to utilise se-
mantic query results from OntoRaster within standard BI tools (e.g.,
Power BI) to produce semantically enriched business information through
map-based visualisations, thereby contributing to Geospatial Business In-
telligence (GeoBI). Furthermore, we have presented Ontopic Suite’s Se-
mantic SQL interface to enable direct querying of KGs from BI tools, and
we have proposed enhancing the SQL interface with raster functions to
query integrated raster and relational data under OntoRaster. As a
valuable addition, we have developed an LLM-based RAG approach that
translates natural language queries into RasSPARQL queries, ready for
execution on OntoRaster.

8.2 Future Directions

Here, we outline several potential research directions that may provide useful
avenues for extending our current work.

• Support for Arbitrary Raster Data of arbitrary domains

A key direction is to extend the query processing capabilities of the On-
toRaster framework to accommodate arbitrary raster datasets that
originate from diverse application domains. These include, but are not
limited to, medical imaging (e.g., fMRI, CT, and histopathological scans),
bioinformatics data (e.g., microscopy images, spatial transcriptomics,
etc.), industrial imaging (e.g., non-destructive testing, radiographs, ther-
mal imaging, and hyperspectral quality control data, etc.), material sci-
ence, as well as other scientific and industrial fields. By achieving this
generalisation, our proposed VKG framework OntoRaster will attain
greater robustness and completeness in handling general-purpose raster
data processing. This directly aligns with the original motivation of the
research: to establish a unified, domain-agnostic VKG framework that
seamlessly integrates and queries across a wide range of real-world raster
datasets, as well as relational (including vector) and linked data sources,
irrespective of their thematic domain or underlying physical semantics.

• Visual Explanations for Query Validation and Refinement
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A promising direction for future research is to investigate how obtained
query results can be explained through visual geospatial information and
how such explanations can, in turn, be used to validate and refine user
queries. This line of work can build on the declarative nature of the
VKG approach, which enables the extraction of explicit symbolic rep-
resentations of how specific query results are produced via provenance
information. By visualising relevant geospatial datasets, mapping asser-
tions, and ontological axioms involved in the reasoning process, users
can gain clearer insights into why particular results are returned, iden-
tify potential mismatches or errors, and iteratively adjust their queries to
improve accuracy and expressiveness.

• Systematic Robust Benchmarks for Performance Evaluation
Raster-based VKGs

Beyond the current case-study–driven evaluation, future benchmarks
should incorporate controlled scalability experiments in which all pos-
sible combinations of raster and vector features are varied independently
to enable formal complexity analysis and bottleneck identification. In
addition to real-world datasets such as CityGML data, parametrically
generated synthetic raster data should be used for reproducible stress
testing across different benchmarks. A standardised query suite covering
spatial joins, zonal statistics, and semantic reasoning should be defined,
with formal characterisation of spatial-temporal complexity to ensure fair
comparison. Evaluation metrics should extend beyond query processing
time to include memory usage, indexing overhead, update latency, con-
currency, and distributed performance. Finally, an open, containerised
benchmark suite would enhance reproducibility and foster community-
wide comparability of such specialised VKG systems.

• More robust query formulation support using LLMs

Although RasSPARQL offers expressive capabilities, creating correct and
efficient queries remains challenging, especially for users lacking expertise
in semantic technologies, ontologies, and geospatial raster data. The dif-
ficulty arises from the need to understand ontology structures, spatial
functions, raster semantics, and query syntax simultaneously. Future
work will explore integrating Large Language Models (LLMs) to facili-
tate more user-friendly and robust query creation. A key focus will be
on developing natural language interfaces that convert user queries into
syntactically valid and semantically accurate RasSPARQL queries, utilis-
ing domain-aware prompting and ontology-based reasoning to align with
data schemas and spatial constraints. Instead of relying solely on general-
purpose language models, more advanced Retrieval-Augmented Genera-
tion (RAG) techniques will be investigated that incorporate ontology defi-
nitions, schema metadata, and example queries as contextual knowledge.
Additionally, ensuring query correctness and refinement will be priori-
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tised, with LLMs used to identify logical errors, missing spatial relations,
or incompatible raster–vector operations before execution. Query ex-
plainability features will also be integrated, helping users understand how
natural language inputs are transformed into executable RasSPARQL
queries, thereby increasing transparency and trust. Future plans in-
clude fine-tuning LLMs with domain-specific datasets—containing RasS-
PARQL queries, ontology structures, and geospatial reasoning exam-
ples—to improve spatial understanding, especially for spatiotemporal
queries involving multidimensional raster data. Overall, leveraging LLMs
for query generation seeks to lower barriers in semantic geospatial anal-
ysis while maintaining formal query accuracy.

8.3 Closing Remarks

This thesis has demonstrated that multidimensional raster data can be seam-
lessly integrated into the Virtual Knowledge Graph paradigm, transforming
how heterogeneous geospatial and semantic data are accessed, queried, and
analysed. By introducing RasSPARQL and developing a federated query trans-
formation architecture under a novel VKG framework OntoRaster, we en-
abled efficient, on-the-fly querying across raster, relational, vector, and linked
data without sacrificing native data structures or performance. This thesis
also provides practical query demonstrations, performance benchmarking, and
GeoBI applications, collectively validating OntoRaster’s feasibility and real-
world value, while the integration of LLM-based query generation represents a
step toward more accessible semantic analytics. Beyond the current contribu-
tions, this work lays the foundation for semantic integration and query process-
ing of raster data across arbitrary domains and different relational and linked
data under the VKG paradigm. Future efforts may expand toward broader
real-world, industrial datasets, explainable visual query validation, and more
intelligent LLM-based query-formulation support. Together, these directions
point toward a new generation of semantic data infrastructures where com-
plex spatial-temporal knowledge becomes intuitively discoverable, interopera-
ble, and actionable.
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All Queries
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Legend

○ Keyword ○ Identifier ○ Variable ○ Class ○ Prefix ○ User Input

Prefixes

Remember to add the following prefixes in the SPARQL queries.

Table A.1: List of prefixes used for RasSPARQL queries

Prefix IRI Namespace
: https://github.com/aghoshpro/OntoRaster/

gn http://www.geonames.org/ontology#

geo http://www.opengis.net/ont/geosparql#

geof http://www.opengis.net/def/function/geosparql/

rdfs http://www.w3.org/2000/01/rdf-schema#

bldg http://www.opengis.net/citygml/building/2.0/

lgdo http://www.linkedgeodata.org/ontology/

rasdb https://github.com/aghoshpro/RasterDataCube/

All Queries

Q1 . List all raster datasets of Sweden, along with their dimensions?

1 SELECT ?answer {

2 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

3 FILTER (CONTAINS(?rasterName, ’Sweden’))

4 BIND (rasdb:rasDimension(?rasterName) AS ?answer)

5 }

Q2 . Perform cell operation on an array of an input raster dataset at a partic-
ular timestamp with the user-specific operator & operand.

1 SELECT ?answer {

2 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

3 FILTER (CONTAINS(?rasterName, ’Bavaria’))

4 BIND (’*’ AS ?operator)

5 BIND (0.02 AS ?operand)

6 BIND (’2022-04-18T00:00:00+00:00’^^xsd:dateTime AS ?timeStamp)

7 BIND (rasdb:rasCellOp(?timeStamp, ?operator, ?operand, ?rasterName) AS ?

answer)

8 }

Q3 . Find the spatial average temperature over districts of München on 24
July 2023, using the available temperature raster data over Bavaria.
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1 SELECT ?tempK {

2 ?region a :Region_District_Munich ; rdfs:label ?regionName ; geo:asWKT ?

regionWkt .

3 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

4 FILTER (CONTAINS(?rasterName, ’Bavaria’)

5 BIND (’2023-07-24T00:00:00+00:00’^^xsd:dateTime AS ?timeStamp)

6 BIND (rasdb:rasSpatialAverage(?timeStamp, ?regionWkt, ?rasterName)

7 AS ?tempK)

8 }

Q4 . Find all districts of Munich and the respective spatial average vegetation
on 16 August 2023.

1 SELECT ?ndvi {

2 ?region a :Region_District_Munich ; rdfs:label ?regionName ; geo:asWKT ?

regionWkt .

3 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

4 FILTER (CONTAINS(?rasterName, ’NDVI’)

5 BIND (’2023-08-16T00:00:00+00:00’^^xsd:dateTime AS ?timeStamp)

6 BIND (rasdb:rasSpatialMaximum(?timeStamp, ?regionWkt, ?rasterName)

7 AS ?ndvi)

8 }

Q5 . Find all districts of Munich and the respective spatial average soil mois-
ture on 20 January 2023

1 SELECT ?soilmoisture {

2 ?region a :Region_District_Munich ; rdfs:label ?regionName ; geo:asWKT ?

regionWkt .

3 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

4 FILTER (CONTAINS(?rasterName, ’Munich_ECOSTRESS_SoilMoisture_70m’)

5 BIND (’2023-01-20T00:00:00+00:00’^^xsd:dateTime AS ?timeStamp)

6 BIND (rasdb:rasSpatialMinimum(?timeStamp, ?regionWkt, ?rasterName)

7 AS ?soilmoisture)

8 }

Q6 . Find spatial-temporal average temperature over Göteborg, Sweden, be-
tween 5 April 2022 and 19 June 2022.

1 SELECT ?tempK {

2 ?region a :Region_Sweden ; rdfs:label ?regionName ; geo:asWKT ?regionWkt

.

3 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

4 FILTER (?regionName = ’Göteborg’)

5 FILTER (CONTAINS(?rasterName, ’Sweden’))

6 BIND (’2022-04-05T00:00:00+00:00’^^xsd:dateTime AS ?startTimeStamp)

7 BIND (’2022-06-19T00:00:00+00:00’^^xsd:dateTime AS ?endTimeStamp)

8 BIND (rasdb:rasTemporalAverage(?startTimeStamp, ?endTimeStamp,

9 ?regionWkt, ?rasterName) AS ?tempK)

10 }
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Q7 . Find the maximum temperature over Göteborg, Sweden, between 5 April
2022 and 19 June 2022.

1 SELECT ?tempK {

2 ?region a :Region_Sweden ; rdfs:label ?regionName ; geo:asWKT ?regionWkt

.

3 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

4 FILTER (?regionName = ’Göteborg’)

5 FILTER (CONTAINS(?rasterName, ’Sweden’))

6 BIND (’2022-04-05T00:00:00+00:00’^^xsd:dateTime AS ?startTimeStamp)

7 BIND (’2022-06-19T00:00:00+00:00’^^xsd:dateTime AS ?endTimeStamp)

8 BIND (rasdb:rasTemporalMaximum(?startTimeStamp, ?endTimeStamp,

9 ?regionWkt, ?rasterName) AS ?tempK)

10 }

Q8 . Find the minimum temperature over Göteborg, Sweden, between 5 April
2022 and 19 June 2022.

1 SELECT ?tempK {

2 ?region a :Region_Sweden ; rdfs:label ?regionName ; geo:asWKT ?regionWkt

.

3 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

4 FILTER (?regionName = ’Göteborg’)

5 FILTER (CONTAINS(?rasterName, ’Sweden’))

6 BIND (’2022-04-05T00:00:00+00:00’^^xsd:dateTime AS ?startTimeStamp)

7 BIND (’2022-06-19T00:00:00+00:00’^^xsd:dateTime AS ?endTimeStamp)

8 BIND (rasdb:rasTemporalMinimum(?startTimeStamp, ?endTimeStamp,

9 ?regionWkt, ?rasterName) AS ?tempK)

10 }

Q9 . Clip an available temperature raster data for Bolzano, South Tyrol on 24
September 2023, and return filtered arrays.

1 SELECT ?clippedArray {

2 ?region a :Region_Tyrol ; rdfs:label ?regionName ; geo:asWKT ?regionWkt

.

3 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

4 FILTER (?regionName = ’Bolzano’)

5 FILTER (CONTAINS(?rasterName, ’Tyrol’))

6 BIND (’2023-09-24T00:00:00+00:00’^^xsd:dateTime AS ?timeStamp)

7 BIND (rasdb:rasClipRaster(?timeStamp, ?regionWkt, ?rasterName)

8 AS ?clippedArray)

9 }

Q10 . Clip a portion of user-specific raster data based on a custom vector region
on 24 July 2024, and return filtered arrays.

1 SELECT ?clippedArray {

2 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

3 FILTER (CONTAINS(?rasterName, ’Bavaria’))

4 BIND (’POLYGON((11.324157714843748 48.29050321714061,

5 11.911926269531248 48.279537342260085,

6 11.88995361328125 48.01932418480118,

7 11.340637207031248 48.01564978668938,
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8 11.324157714843748 48.29050321714061))’ AS ?customRegionWkt)

9 BIND (’2023-07-24T00:00:00+00:00’^^xsd:dateTime AS ?timeStamp)

10 BIND (rasdb:rasClipRasterAnyGeom(?timeStamp, ?customRegionWkt,

11 ?rasterName) AS ?clippedArray)

12 }

Q11 . Find all districts of Munich where the spatial average elevation is more
than 515 meters.

1 SELECT ?distName ?elevation {

2 ?region a :Region_District_Munich .

3 ?region rdfs:label ?distName .

4 ?region geo:asWKT ?distWkt .

5 ?gridCoverage a :Raster .

6 ?gridCoverage rasdb:rasterName ?rasterName .

7 FILTER (CONTAINS(?rasterName, ’Elevation’))

8 BIND (’2000-02-11T00:00:00+00:00’^^xsd:dateTime AS ?timeStamp)

9 BIND (rasdb:rasSpatialAverage(?timeStamp, ?distWkt, ?rasterName) AS ?

elevation)

10 FILTER(?elevation > 515)

11 }

Q12 . Find all sub-districts of Munich where the spatial average elevation is
more than 515 meters.

1 SELECT ?distName ?elevation {

2 ?region a :Region_SubDistrict_Munich .

3 ?region rdfs:label ?distName .

4 ?region geo:asWKT ?distWkt .

5 ?gridCoverage a :Raster .

6 ?gridCoverage rasdb:rasterName ?rasterName .

7 FILTER (CONTAINS(?rasterName, ’Elevation’))

8 BIND (’2000-02-11T00:00:00+00:00’^^xsd:dateTime AS ?timeStamp)

9 BIND (rasdb:rasSpatialAverage(?timeStamp, ?distWkt, ?rasterName) AS ?

elevation)

10 FILTER(?elevation > 515)

11 }

Q13 . Find all metro stations within those districts in Bavaria whose spatial
average land elevation is more than 520 meters.

1 SELECT ?featureName ?regionName ?elevation ?pointWkt {

2 ?region a :Region_Bavaria ; rdfs:label ?regionName ; geo:asWKT ?regionWkt

.

3 ?gname a gn:MTRO; rdfs:label ?featureName ; geo:asWKT ?pointWkt .

4 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

5 FILTER (geof:sfWithin(?pointWkt, ?regionWkt))

6 FILTER (CONTAINS(?rasterName, ’Elevation’))

7 BIND (’2000-02-11T00:00:00+00:00’^^xsd:dateTime AS ?timeStamp)

8 BIND (rasdb:rasSpatialAverage(?timeStamp, ?regionWkt, ?rasterName) AS ?

elevation)

9 FILTER (?elevation > 520)

10 }
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Q14 . Find all schools within those districts in Bavaria whose average greenery
(NDVI) is low.

1 SELECT ?featureName ?regionName ?ndvi ?pointWkt {

2 ?region a :Region_Bavaria ; rdfs:label ?regionName ; geo:asWKT ?regionWkt

.

3 ?gname a gn:SCH; rdfs:label ?featureName ; geo:asWKT ?pointWkt .

4 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

5 FILTER (geof:sfWithin(?pointWkt, ?regionWkt))

6 FILTER (CONTAINS(?rasterName, ’NDVI’))

7 BIND (’2022-01-01T00:00:00+00:00’^^xsd:dateTime AS ?timeStamp)

8 BIND (rasdb:rasSpatialAverage(?timeStamp, ?regionWkt, ?rasterName) AS ?

ndvi)

9 FILTER(?ndvi < 0.2)

10 }

Q15 . Find all radio observatories within those municipalities in South Tyrol
whose average elevation is more than 1000 meters.

1 SELECT ?featureName ?regionName ?elevation ?pointWkt {

2 ?region a :Region_Sweden; rdfs:label ?regionName ; geo:asWKT ?regionWkt .

3 ?gname a gn:OBSR; rdfs:label ?featureName ; geo:asWKT ?pointWkt .

4 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

5 FILTER (geof:sfWithin(?pointWkt, ?regionWkt))

6 FILTER (CONTAINS(?rasterName, ’NDVI’))

7 BIND (’2022-01-01T00:00:00+00:00’^^xsd:dateTime AS ?timeStamp)

8 BIND (rasdb:rasSpatialAverage(?timeStamp, ?regionWkt, ?rasterName) AS ?

elevation)

9 FILTER(?elevation > 1000)

10 }

Q16 . Find all farmlands within those municipalities in Sweden whose average
soil moisture is high.

1 SELECT ?featureName ?regionName ?soilmoisture ?pointWkt {

2 ?region a :Region_Sweden; rdfs:label ?regionName ; geo:asWKT ?regionWkt .

3 ?gname a gn:FRM; rdfs:label ?featureName ; geo:asWKT ?pointWkt .

4 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

5 FILTER (geof:sfWithin(?pointWkt, ?regionWkt))

6 FILTER (CONTAINS(?rasterName, ’Munich_ECOSTRESS_SoilMoisture_70m’))

7 BIND (’2022-01-01T00:00:00+00:00’^^xsd:dateTime AS ?timeStamp)

8 BIND (rasdb:rasSpatialAverage(?timeStamp, ?regionWkt, ?rasterName) AS ?

soilmoisture)

9 FILTER(?soilmoisture > 0.5)

10 }

Q17 . Find all hotels and respective districts of Bavaria whose spatial average
elevation is above 500 meters

1 SELECT ?bldgName ?distName ?elevation ?distWkt ?distWktColor ?bldgWkt

2 ?bldgWktColor {

3 ?building a lgdo:Hotel . # Church, Parking, Hospital, Hotel

4 ?building rdfs:label ?bldgName ; geo:asWKT ?bldgWkt .

5 ?region a :Region_Bavaria ; rdfs:label ?distName ; geo:asWKT ?distWkt .
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6 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

7 BIND(’#181818’ AS ?distWktColor)

8 BIND(’red’ AS ?bldgWktColor)

9 BIND (’2000-02-11T00:00:00+00:00’^^xsd:dateTime AS ?timeStamp)

10 BIND (rasdb:rasSpatialAverage(?timeStamp, ?distWkt, ?rasterName) AS ?

elevation)

11 FILTER (geof:sfWithin(?bldgWkt, ?distWkt))

12 FILTER (CONTAINS(?rasterName, ’Elevation’))

13 FILTER(?elevation > 500)

14 }

Q18 . Find all parking spots and corresponding districts of South Tyrol whose
spatial average elevation is above 520 meters

1 SELECT ?bldgName ?distName ?elevation ?distWkt ?distWktColor ?bldgWkt

2 ?bldgWktColor {

3 ?building a lgdo:Parking .

4 ?building rdfs:label ?bldgName ; geo:asWKT ?bldgWkt .

5 ?region a :Region_Tyrol ; rdfs:label ?distName ; geo:asWKT ?distWkt .

6 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

7 BIND(’#181818’ AS ?distWktColor)

8 BIND(’red’ AS ?bldgWktColor)

9 BIND (’2000-02-11T00:00:00+00:00’^^xsd:dateTime AS ?timeStamp)

10 BIND (rasdb:rasSpatialAverage(?timeStamp, ?distWkt, ?rasterName) AS ?

elevation)

11 FILTER (geof:sfWithin(?bldgWkt, ?distWkt))

12 FILTER (CONTAINS(?rasterName, ’Elevation’))

13 FILTER(?elevation > 520)

14 }

Q19 . Find all bridges and corresponding towns of Sweden whose spatial average
elevation is above 400 meters

1 SELECT ?bldgName ?distName ?elevation ?distWkt ?distWktColor ?bldgWkt

2 ?bldgWktColor {

3 ?building a lgdo:Bridge .

4 ?building rdfs:label ?bldgName ; geo:asWKT ?bldgWkt .

5 ?region a :Region_Sweden ; rdfs:label ?distName ; geo:asWKT ?distWkt .

6 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

7 BIND(’#181818’ AS ?distWktColor)

8 BIND(’red’ AS ?bldgWktColor)

9 BIND (’2000-02-11T00:00:00+00:00’^^xsd:dateTime AS ?timeStamp)

10 BIND (rasdb:rasSpatialAverage(?timeStamp, ?distWkt, ?rasterName) AS ?

elevation)

11 FILTER (geof:sfWithin(?bldgWkt, ?distWkt))

12 FILTER (CONTAINS(?rasterName, ’Elevation’))

13 FILTER(?elevation > 400)

14 }
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Q20 . Find the addresses of all residential buildings in Munich that are taller
than 100 meters, along with their respective sub-districts and their aver-
age elevation

1 SELECT ?bldgName ?bldgHeight ?distName ?elevation {

2 ?building a lgdo:School ; rdfs:label ?bldgName ; geo:asWKT ?bldgWkt ; owl

:sameAs ?citygml3D .

3 ?citygml3D bldg:measuredHeight ?bldgHeight .

4 ?region a :Region_SubDistrict_Munich ; rdfs:label ?distName ; geo:asWKT ?

distWkt .

5 ?gridCoverage a :Raster ; rasdb:rasterName ?rasterName .

6 BIND (’2000-02-11T00:00:00+00:00’^^xsd:dateTime AS ?timeStamp)

7 BIND (rasdb:rasSpatialAverage(?timeStamp, ?distWkt, ?rasterName) AS ?

elevation)

8 FILTER (geof:sfWithin(?bldgWkt, ?distWkt))

9 FILTER (CONTAINS(?rasterName, ’Elevation’))

10 FILTER(?bldgHeight > 100) .

11 }
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