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Introduction	
All data contain errors and large datasets derived from multiple sources are especially 

prone to errors, incompleteness and inconsistencies. This is due to different assumptions and 
semantics used by the individual datasets that are combined to create the integrated dataset. 
Data quality is important in integrated datasets, as the quality of the decisions made based on 
an integrated dataset, is directly affected by the quality of the dataset content. Thus, 
information about the quality of a dataset should be available, in order to enable the users to 
assess the fitness of the dataset for their specific uses and purposes.  

Describing data quality in terms of characteristics inherent to data means that we 
subscribe to a multidimensional conceptualization of data quality [1]. Briefly, these inherent 
characteristics, also called dimensions of data quality, include concepts such as accuracy, 
relevance, accessibility, currency, timeliness, and completeness.  The initial work 
establishing the multidimensional conceptualization of data quality identified over 200 
dimensions in use across surveyed organizations from different industries [2]. For most data 
uses, only a handful of dimensions are deemed important enough to formally measure and 
assess. The dimensions measured in data quality assessment should be those necessary to 
indicate fitness of the data for a particular use. Assessing the quality and consistency of data 
requires data standards. Data standards are tools that enable interoperability and promote 
data quality. In summary, data quality is assessed by identifying important dimensions and 
measuring them.   

In healthcare systems, data quality and consistency are critical to ensuring patient safety, 
communicating delivery of health services, coordinating care, and healthcare reporting. The 
methods used to assess healthcare data quality in practice are varied, and evidence-based. 
Furthermore, healthcare data have long been criticized for a plethora of quality problems. To 
establish credibility, studies that use healthcare data are increasingly expected to demonstrate 
that the quality of the data is adequate to support research conclusions. Quality dimensions 
that are most commonly used in health-related research are accuracy and completeness. 
Completeness, although necessary to establish fitness for use in clinical research, is not 
sufficient to evaluate the competence of a dataset to support research conclusions. 
Assessment of accuracy and consistency are also necessary. A recent review identified five 
dimensions that have been assessed in Electronic Health Record (EHR) data used for 
research; completeness, correctness, concordance, plausibility and currency [3].    

The use of EHR data for research is expected to improve health outcomes for patients, 
but the benefits will only be realized if the data in the EHR is of sufficient quality to support 



these uses. A recent study developed a data quality (DQ) ontology to rigorously define 
concepts and enable automated computation of data quality measures. The healthcare data 
quality literature was mined for the important terms used to describe data quality concepts 
and harmonized into an ontology. Four high-level data quality dimensions (“correctness”, 
“consistency”, “completeness” and “currency”) categorize 19 lower level measures. The 
ontology serves as an unambiguous vocabulary, which defines concepts more precisely than 
natural language; it provides a mechanism to automatically compute data quality measures; 
and is reusable across domains and use cases [4]. 

In the context of spatial information, the existing unidirectional flows of predefined data 
products from traditional producers and custodians of spatial data, fails to meet the growing 
demands for spatial products, analytics and knowledge. In the Australian context, ANZLIC1 
identified that the key barrier to implementing an Australian Spatial Data Infrastructure 
(ASDI) is incomplete knowledge about the availability and quality of existing spatial 
datasets2. The producers of a dataset should effectively communicate the quality of the data 
for a variety of reasons; i.e., competitiveness, data warehousing, liability and litigation3.  

According to ISO 9000 section 3.1.5 (formerly ISO 8402: 1994) quality is defined as 
“the totality of characteristics of an entity that bears upon its ability to satisfy stated and 
implied needs.” And “The purpose of describing the quality of geographic data is to facilitate 
the comparison and selection of the dataset best suited to application needs or requirements’ 
[5]. ISO 191574, Spatial Data Quality standard is one of the best frameworks available to 
convey quality to the user community. ISO 19157 defines and provides clarity to quality 
elements such as: completeness, logical consistency, positional accuracy, temporal quality, 
thematic accuracy and usability.  

The ISO definition emphasises that quality corresponds to the intended use; i.e., a dataset 
could be a perfect match to a particular use case, while being unsuitable to another user’s 
requirements. Therefore, validating the quality of geo-information is a key requirement for 
users and producers of spatial information. This in turn facilitates evaluation of fitness for 
purpose for particular applications, especially in the context of political reporting and 
decision-making [6]. Quality assured validation must follow the principles of transparency, 
traceability, independence, accessibility and representativeness.  

Fitness for Use indicates that a product or service fits the consumers’ defined purpose 
for that product or service [7]. Fitness for use represents the users’ perspectives. On the other 
hand, Fitness for Purpose, which represents the producers’ perspective, identifies suitability 
of data for the intended use; that is, the degree to which the data meets the needs of the 
intended use. The difference between Fitness for use and Fitness for purpose highlights the 
fact that providers and consumers of data have different perspectives on data quality. Boin 
and Hunter [8] specify that a producer generally wants to describe how the dataset was 
created, while a consumer is likely to have questions for which he needs an answer. They find 
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it no surprise that effective communication between them remains an issue. Lia et al [9] 
indicate that the distance between producer and consumer is increasing with acute 
consequences for today’s geographic information world.  

Boin and Hunter conclude that solutions for improved communication between 
producers and consumers should use the terminology of the data consumer instead of being 
overly technical and industry-specific. Secondly, the solution should focus on ways of 
describing product suitability and reliability instead of the production method [8]. 

The GEO-Label [10] also addresses the communication aspect by introducing a graphic 
means to “support efficient and effective geospatial dataset quality representation and 
selection on the basis of quality and fitness for use”.  

The emphasis of our research is to identify the components of fitness for use, in order to 
complement spatial datasets with metadata, representing attributes that enable consumers to 
identify datasets, which are most suitable to their applications. 

Data	Standards	
Data standards are "documented agreements on representations, formats, and definitions 

of common data. Data standards provide a method to codify invalid, meaningful, 
comprehensive, and actionable ways, information captured in the course of doing business" 
[11]. Rules to describe how the data is recorded to ensure consistency across multiple sources 
is another way to think of data standards. Standards can be applied to data at various levels of 
granularity, including data fields and the content of those fields. The adoption of standards 
by data providers is driven by a desire to enable the exchange, integration and use of data 
from multiple sources with a minimum of effort by users.  

Metadata is often called ‘data about data’. More precisely, it is the underlying definition 
or structured description of the content, quality, condition or other characteristics of data. It 
is well accepted in the world of statistics and large databases that metadata leads to better 
data. This is because they enable all people collecting, using and exchanging data to share the 
same understanding of its meaning and representation.  

Data can be defined as a representation of facts, concepts or instructions while metadata 
can be defined as a structured description of the content, quality, condition or other 
characteristics of data. Metadata needs to accompany data, otherwise the data being 
transmitted or communicated cannot be understood. Metadata provides additional 
information that helps data consumers better understand the meaning of data, its structure, 
and to clarify other issues, such as rights and license terms, the organization that generated 
the data, data quality, data access methods and the update schedule of datasets. Metadata can 
be used to help tasks such as dataset discovery and reuse, and can be assigned considering 
different levels of granularity from a single property of a resource to a whole dataset, or all 
datasets from a specific organization.  
 

Health	Information	Standards	
Standards development organizations (SDOs) address a variety of aspects of health 

information and informatics. For example, the American Society for Testing and Materials 



(ASTM5) and Health Level Seven (HL76) target clinical data standards. Insurance and 
remittance standards are a focus of the Accredited Standards Committee (ASC) X127. 
Standards to transmit diagnostic images are developed through Digital Imaging and 
Communications in Medicine (DICOM8). The National Council for Prescription Drug 
Programs (NCPDP9) represents pharmacy messages. The Institute of Electrical and 
Electronics Engineers (IEEE10), HL7, ASTM, and others develop data models and 
frameworks. There are many SDOs who are involved in the development and publishing of 
healthcare informatics standards at national and international levels. These standards are 
crucial to the capturing and sharing of clinical information in the electronic health 
information systems.  

HL7 is one organization that is developing international standards for interoperability 
and messaging including the Consolidated Clinical Document Architecture (C-CDA11) and 
EHR functional model12. HL7 develops international standards, which sometimes must be 
modified to meet the "meaningful use", EHR Incentive Program13 or reimbursement systems 
criteria unique to the United States. HL7 collaborates with the International Organization for 
Standardization (ISO) for international balloting.  

ISO14, the world's largest developer of voluntary standards, has many technical 
committees (TCs) that span a variety of products and services. ISO/TC 215 Health 
Informatics15 primarily develops voluntary standards in the field of information for health and 
health information and communication technology to promote interoperability. ISO/TC 215 
includes standards for areas such as healthcare delivery, disease prevention and wellness 
promotion, public health and surveillance, and clinical research related to health services. 

With increasing focus on adoption of certified EHRs, along with financial incentives to 
demonstrate meaningful use and improve healthcare quality, there is increased urgency to 
develop definitions and standards. Specified terminology standards definitions and 
classifications of individual terms, coupled with content standards for uniform capture and 
collection, are essential framing structures to describe clinical concepts—such as the use of 
SNOMED CT ontology16 for problem list identification. Effectively sending data back and 
forth between organizations is accomplished with messaging standards. Commonly used 
guidelines for standards in EHR systems include: Continuity of Care Record/Document, 
National Council for Prescription Drug Programs (NCPDP)17, Digital Imaging and 
Communications in Medicine (DICOM)18, SNOMED CT, Logical Observation Identifiers 
Names and Codes (LOINC)19, ICD-9-CM20, ICD-10-CM/PCS21, RxNorm22 and Current 
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Procedural Terminology (CPT)23. The National Library of Medicine's Unified Medical 
Language System24 links more than 100 terminologies available for a variety of use cases in 
healthcare. Describing clinical concepts in a standardized format allows for meaningful 
performance monitoring and outcomes measurement. In addition it supports consistent, 
evidence-based care through clinical decision support. The National Quality Forum's Quality 
Data Model (QDM)25 provides the potential for more precisely defined, universally adopted 
electronic quality measures to automate measurement and compare and improve quality using 
electronic health information. 

 
Health	Information	Metadata	

Metadata is identified as a method to manage health information by indexing and 
applying attributes to a patient's record at the "granular" or data-element level. An emerging 
use of metadata is the processing of large amounts of data for data analytics. Being able to 
process large amounts of data for specific data points will allow the metadata to be used to 
develop and improve quality care. Metadata will be critical for leveraging the volumes, 
velocity, and variety of healthcare data now available due to the increasing use of clinical 
information systems such as EHRs. Metadata captures information such as the date and time 
that an entry was made in the health record, who accessed the record and when, what changes 
have been made to the record and by whom, and the identity of staff who document sections 
of the record when this information is not collected by an authentication or signature, such as 
portions of a template that are completed by nursing or other allied healthcare staff. Thus, 
metadata provides the context for the information. Metadata is an important tool that can be 
used to follow up on documentation or compliance issues, facilitate response to requests for 
an accounting of accesses of the medical record, or to meet internal or external reporting or 
analytics requirements.  

Though metadata are critical for maintaining and preserving the healthcare record, there 
are currently no standards for the metadata schema. The 2010 final rule on Standards and 
Certification Criteria (45 CFR Part 170)26 does require the following information to be 
recorded on the audit log: 

"The date, time, patient identification and user identification must be recorded when 
electronic health information is created, modified, accessed or deleted; and an indication of 
which action(s) occurred and by whom must also be recorded."  

In addition, the proposed HL7 EHR-S RM-ES Functional profile27 will require the 
capture and retention of authors, data creation time stamps, modification, view, and deletion. 
HL7 standards are currently not mandated, but using the conformance criteria will benefit 
health information management professionals who are assessing an EHR system. 
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Health	Information	Interoperability	
The Office of the National Coordinator for Health IT (ONC) defines interoperability as 

ensuring that health-related information flows seamlessly. Information needs to follow the 
patient regardless of geographic, organizational, or vendor boundaries. Interoperability refers 
to the architecture or standards that make it possible for diverse Electronic Health Records 
(EHR) systems to work compatibly. The importance of interoperability goes far beyond the 
confines of the EHR. Information must flow into and out of health information exchanges—
available to the patient at the right time, at the right place, and containing data that is accurate 
and complete. ONC provides "building blocks" to bring awareness to maintaining and 
sustaining standard interoperability. These current initiatives are working to standardize: (i)   
meaning through the use of standardized healthcare vocabularies; (ii) structure by leveraging 
standards in HL7; (iii) transport using secure e-mail protocols; (iv) security through National 
Institute of Standards and Technology (NIST)-adopted encryption standards; and (v) services 
through open and accessible application programming interfaces (APIs)28.   

Health information exchange organizations are an important part of improving efficiency 
and reducing cost for healthcare delivery, and global standards will make a difference in the 
way healthcare professionals capture and use health information worldwide. To foster 
adoption of standardized language to meet the mandates of the meaningful use program, HL7 
is offering free access to their standards. HL7's C-CDA29 is a library of templates that help 
facilitate exchange. While multiple record types fall under the C-CDA, they all provide a 
common format to assist in health information exchange. This library contains the following 
nine templates: Continuity of Care Document (CCD), Consultation Note, Diagnostic Imaging 
Report (DIR), Discharge Summary, History and Physical (H&P), Operative Note, Procedure 
Note, Progress Note and Unstructured Document. Each template has defined sections to 
harmonize the data across systems. This standard ensures the information integrity and 
reliability when sharing data across HIEs or between other health IT systems. 
 

Geospatial	Information	Standards	
Geospatial standards play a vital role in enabling the development of SDI. Two key 
international organisations that develop standards for geospatial information are30: 

 
§ The International Organisation for Standardization (ISO) Technical Committee 211 for 

Geographic Information/Geomatics31 

§ The Open Geospatial Consortium (OGC)32 

 
ISO Technical Committee, ISO/TC 211, has developed a series of international 

standards that provide a conceptual modelling framework for geospatial information. This 
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includes constructs that define how specific aspects of spatial information should be modelled 
regardless of application. These standards provide a framework within which information 
models can be developed for different application domains in a consistent manner. Both the 
ISO framework standards and the application schema developed from them are ‘information 
standards’. The following are examples of standards published by ISO/TC 211 for 
Geographic Information: 

 
§ ISO 19107:200333 – The Geographic Information – Spatial Schema, specifies how to 

describe the spatial characteristics of geographic features.  

§ ISO 19157:201334 – Geographic Information – Data Quality, establishes the principles for 
describing the quality of geographic data. It defines components for describing data 
quality, specifies components and content structure of a register for data quality measures, 
describes general procedures for evaluating the quality of geographic data, and establishes 
principles for reporting data quality. It is applicable to data producers providing quality 
information to describe and assess how well a dataset conforms to its product 
specification and to data users attempting to determine whether or not specific geographic 
data are of sufficient quality for their particular application. ISO 19157:2013 does not 
attempt to define minimum acceptable levels of quality for geographic data. 

§ ISO/TS 19158:201235 provides a framework for quality assurance specific to geographic 
information. It is based upon the quality principles and quality evaluation procedures of 
geographic information identified in ISO 19157 and the general quality management 
principles defined in ISO 900036. The framework defined in ISO/TS 19158:2012 enables 
a customer to satisfy itself that its suppliers, both internal and external, are capable of 
delivering geographic information to the required quality. Fundamental to the framework 
is the assurance of the supplier's ability to understand and meet the quality requirements. 
Through the quality assurance framework both the customer and the supplier are able to 
consider the quality required at the earliest opportunity in the production/update process. 
Principles and responsibilities of the relationship between the customer and the supplier 
that facilitate the framework are provided. The responsibility for the quality assessment 
procedure is shared between the customer and the supplier. ISO/TS 19158:2012 is 
applicable to customers and suppliers of all geographic information where the quality of 
the product may be impacted upon by the supplier's processes in any of the following 
scenarios: 1) there is an agreement or legislation for the supply of data acquisition 
services; 2) data acquisition services are being tendered for, and 3) one or more suppliers 
exist in the supply chain. ISO/TS 19158:2012 is not applicable to the supply of legacy 
datasets or off the shelf' products where there is no further data production or update 
activity to manage. 
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The Open Geospatial Consortium (OGC)37	complements the ISO framework with a set 
of technology standards, which allow different systems and services to work together through 
the definition of standard ‘interfaces’. OGC also supports the development of some specific 
information standards in the form of application schemas, to meet the needs of specific 
domains or communities. Standards such as WaterML38, GeoSciML39, LandInfraGML40, 
GroundWaterML41 and CityGML42 are defined using the ISO framework and implemented to 
enable the delivery of data on the Web using OGC technology standard compliant Web 
services. 

The increasing ubiquity of spatial data has raised the need for seamless integration with 
other data on the Web. Efforts to clarify, formalise and harmonise spatial and Web standards 
have recently commenced, through the Spatial Data on the Web Working Group 
(SDWWG)43 that has been established as a collaboration between the OGC and The World 
Wide Web Consortium (W3C)44. SDWWG will focus on determining how spatial 
information can be best integrated with other data on the Web, how users can discover that 
different facts in different datasets relate to the same place, and set best practices. It is 
anticipated that this activity will yield important standards for the spatial community to 
deliver spatial data on the Web. Together the ISO, OGC and increasingly W3C standards 
provide a set of constructs that enable data to be specified, and delivered in a standardised 
interoperable manner. These standards provide a framework within which data products are 
developed. 
 
Spatial	Information	Metadata	

Providing metadata at the dataset level supports a mode of discovery well aligned with 
the practices used in Spatial Data Infrastructure (SDI) where a user begins their search for 
spatial data by submitting a query to a catalogue. Once the appropriate dataset has been 
located, the information provided by the catalogue enables the user to find a service end-point 
from which to access the data itself - which may be as simple as providing a mechanism to 
download the entire dataset for local usage or may provide a rich API enabling the users to 
request only the required parts for their needs. The dataset-level metadata is used by the 
catalogue to match the appropriate dataset(s) with the user's query.  

In particular, metadata is used to provide information about data quality and fitness for 
particular purposes. Data quality might seriously affect the suitability of data for specific 
applications, including applications very different from the purpose for which it was 
originally generated. Documenting data quality significantly eases the process of dataset 
selection, increasing the chances of reuse. The quality of data should be documented and 
known quality issues should be explicitly stated in metadata. In addition, other things to 
consider when providing metadata are: (i) make available to both human users and computer 
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applications; (ii) describe the overall features of datasets and distributions; (iii) describe the 
schema and internal structure of a distribution; (iv) provide a link to or copy of the license 
agreement that controls use of the data; (v) provide complete information about the origins of 
the data and any changes/transformations and (vi) provide version history that explains the 
changes made in each version. 

When publishing a dataset, it is important to provide as much spatial metadata as 
necessary; specifically, the spatial extent, coverage, and representation. Dataset quality 
measures such as positional accuracy are also important for determining applicability. The 
amount of detail that is provided in spatial data and the resolution of the data can vary. No 
measurement system is infinitely precise and in some cases the spatial data can be 
intentionally generalized (e.g., merging entities, reducing the details, and aggregation of the 
data) [12]. Some spatial data applications, such as aircraft navigation, require highly accurate 
data. For others, such as human navigation, a horizontal accuracy of a few meters is 
sufficient. For others, such as overlaying weather forecasts on a map, the map is only giving a 
general indication of place. If the positional accuracy is published together with the data, the 
user can determine whether it is appropriate to use for their application. Potentially, this 
makes existing data more re-usable.  

Other examples of spatial metadata include: number of dimensions (1D, 2D, 3D, 4D), 
spatial representation type (e.g., grid, vector, text table), geometric property (e.g., boundary, 
bounding box, region, centreline, centroid, field), Coordinate Reference System(s), spatial 
resolution and spatial significance of non-spatial properties (e.g., point value, interpolation, 
unit average, sum). In the case of datasets whose spatial characteristics vary over their 
temporal coverage, spatial descriptions must include an explicit temporal aspect45. 

In Spatial Data Infrastructures, the accepted standard for describing metadata is ISO-
1911546 or profiles thereof. In order to provide information about the spatial attributes of a 
dataset in the Web, one can use vocabularies such as VOCAB-DCAT47, GeoNames48, 
GeoDCAT-AP49 and VOCAB-DQV50. GeoDCAT-AP provides a mapping for the metadata 
elements defined in the core profile of ISO-19115 and in the INSPIRE metadata schema 
(INSPIRE-MD51). 

 
Spatial	Information	Interoperability	

For many applications, users need to be able to integrate spatial data from multiple 
sources. For example, different sources of data relating to the same object, such as two road 
datasets that cover two adjacent areas, or disparate datasets that characterise different 
phenomena, e.g., hydrology and land cover. However, data integration and use is problematic 
as spatial data is produced for different purposes at different scales, using a variety of 
methods at certain times, by different organisations using diverse systems, and is typically 
delivered in multiple formats. In order to address these challenges and facilitate user access to 
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and use of spatial data, interoperability is required. Interoperability is ‘the ability to transfer 
and use information in a uniform and efficient manner across multiple organisations and 
information technology systems’ [13]. The critical levels of interoperability are: technical 
interoperability achieved through the use of communication protocols such as HTTP; 
syntactic interoperability achieved through the use of common data formats such as XML; 
schematic interoperability achieved through the use of common information exchange 
models; and semantic interoperability achieved through the use of common vocabularies. 

Geospatial standards have long been used to develop spatial data infrastructures that 
combine distributed information and enhance access to geospatial information. Knowledge 
infrastructures share the same objectives, in addition to facilitating semantic richness, in order 
to enhance resource discovery. A semantically rich model will describe the semantics of the 
relevant components in the infrastructure in order to support resource discovery, based on the 
semantics of both the domain and the scientific process employed in conducting the research. 
Interoperability is facilitated by employing standards (particularly geo-spatial standards from 
the Open Geospatial Consortium and ISO standards) ensuring that the content of the 
knowledge infrastructure can be accessed and interpreted by other systems (consumers and 
resellers) and that different information sources (e.g., different digital library repositories) can 
be accessed in a distributed way. The combination of semantic interoperability and 
standardisation is unique, as most interfaces that are developed to promote interoperability 
include limited semantics, which focus on the description of semantics using a particular 
ontology language.  

In order to achieve interoperability among disparate and heterogeneous spatial datasets, 
with different schemas and formats, often a “broker” architecture is implemented. Systems 
and services are deployed at an intermediate point, where heterogeneous data are integrated 
and made accessible through a single point, in order to avoid the inefficiencies and risks 
associated with multiple sources of such information. However, information exchange across 
incompatible, independently designed systems requires significant manual intervention, takes 
time, money and human interpretation of the different datasets and schemas. The broker role 
is currently played in Australia by PSMA, which is the national provider of authoritative 
location information and related services for Australia52. In Europe, the “broker” role is 
played by EuroGEOSS53, a large-scale project, which facilitates inter-disciplinary 
interoperability within GEOSS and INSPIRE frameworks.      

 
Discovering	Spatial	Resources	

A search engine’s spiders often cannot index graphics, CGI scripts, PDF files and 
information in online databases. Databases are a particular problem for search engines, since 
they create “pages” dynamically on demand for an individual user, and thus are not available 
for a search engine’s spider to scan. But since these databases are so versatile at providing 
customised content for users, more sites are putting content into online databases rather than 
on static pages. Thus, a growing portion of the Web cannot be indexed by standard search 
engines. This includes contents of phone directories, dictionaries, maps that can be 
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manipulated, online catalogues, and much more. There are, however, directories which help 
you find online databases and other sources for finding information that a search engine could 
not retrieve. Typically, the directories allow you to search or browse for a general topic to 
find a list of databases likely to contain specific information. Users have questions about the 
data that they obtain from other sources; e.g., (i) what is the accuracy of the data; (ii) who 
created it; (iii) how large is this dataset; (iv) what is the geographic extent of the dataset; (v) 
when was the data created; (vi) how often is the data updated; and (vii) what restrictions are 
placed on its reuse?54 

Users of spatial data must be able to easily ascertain the quality and “fitness for purpose” 
of their information and its ability to meet their requirements. More specifically, users need to 
know the following:   
• Where quality varies throughout a dataset 
• The degree of uncertainty associated with any of their derived information products 
• For non-experts in particular, there needs to be an improved way of communicating data 

quality, especially in the context of Web-based metadata  
 
In order to achieve this, structured; i.e., “computer-readable” information or Metadata is 

required to describe, explain, locate and make it easier to retrieve, use or manage information 
resources. Metadata is the starting point for access as it provides the means for ‘discovery’ of 
spatial information. Metadata can be used to describe an object so that it can be located when 
needed by a database search engine. It can help organise electronic records, facilitate 
interoperability across systems, provide digital identification and support both archiving and 
preservation [14]. Metadata can be shared without having to share the actual resource that it 
describes. Metadata applied in a standard way ensures that a minimum amount of consistent 
information is given about each dataset. Standards for the content and encoding of metadata 
documents include Dublin Core55, FGDC56, ANZLIC57, and ISO 19115 (ISO 19115:2003)58 
and ISO 19119 (ISO 19119:2005)59. These documents are typically provided through an 
indexed catalogue interface. The OGC Catalogue Service60 is the primary interface for 
metadata records. Metadata serves data discovery at multiple levels: 

 
§ Initial identification by query of keywords, location, time and attributes 
§ Assessment of a dataset by identifying quality measures of positional and attribute 

accuracy, data availability, format and pricing 
§ Access to data, once deemed useful, using distribution URLS, standard order process 

instructions and contact information. This is very useful when dealing with large 
sources; e.g., ABS Census data for Australia 
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ANZLIC, the Spatial Information Council, is the peak intergovernmental organisation 
providing leadership in the collection, management and use of spatial information in 
Australia and New Zealand61. ANZLIC’s role is to facilitate easy and cost effective access to 
the wealth of spatial data and services provided by a wide range of organisations in the public 
and private sectors through the use of the ANZLIC Metadata Profile62. A popular geographic 
standard, ISO 1911563, contains almost 300 metadata elements, most of which are optional. 
The ANZLIC 19115 profile is made up of 24 of these elements (Figure 1). In addition, the 
Australian Government Locator Service (AGLS)64 was derived from a hybrid of Dublin 
Core65 and ISO 19115.  The AGLS and ANZLIC profile are regularly reviewed and an 
overview of common elements is available. The ANZLIC Metadata Profile is ISO 19100 
compliant and provides the structure to describe resources by defining metadata elements and 
establishing a common set of metadata terminology, definitions and extension procedures.   

Furthermore, the ANZLIC Metadata profile will facilitate data discovery, retrieval and 
reuse, enable users to assess whether geographic data are suitable for their intended purpose 
and enable transactions by Web Services using metadata about specific feature types, 
features, attribute types or specific attributes. Widespread use of this Profile will facilitate 
sharing of data within and between agencies and jurisdictions, both within the region and 
internationally, by providing a consistent basis for communicating information about 
resources.  

In the Australian Government node of the Australian Spatial Data Directory (ASDD)66 
hosted by Geoscience Australia (GA)67 on behalf of ANZLIC, it is possible to search 
approximately 39,000 ANZLIC metadata records on 25 ASDD nodes located around 
Australia. However, advice to ACIL Tasman from industry interviews suggests that the 
metadata (provenance) remains in many formats and is currently not completely valid. For 
example, a recent study of 5,141 metadata records of NSW natural resource sectors 
confirmed that the records were out of date and could not be automatically upgraded to fit the 
ANZLIC 19115 profile. Incomplete knowledge about the quality of data is a fundamental 
issue that has to be properly addressed. In the context of this project, the focus is to identify 
spatial data quality from the consumers’ perspective. This information will be used to bridge 
the gap between producers and consumers of spatial information, by describing and 
communicating the quality of spatial data, based on the information needs of consumers. 
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Figure 1  ANZLIC Metadata Profile 

When selecting and using geospatial data, users typically need information on its quality. 
Objective quality information is often found in formal metadata documents supplied by the 
dataset provider or in technical reports which describe quality checks. Subjective quality 
information is also available and can include informal reports from other users describing 
how they used a dataset, users' ratings of data or assessment of data relevance, 
recommendations for appropriate/inappropriate uses of the data, or supplementary advice 
from dataset providers, such as warnings about problems in specific areas. At present, most 
standards-compliant geospatial data has a metadata record, but other (subjective) quality 
information can be scattered or unavailable. For this reason, the GEO label is proposed as a 
representation and interrogation facility to combine objective and subjective quality 
information in one place. 

The Global Earth Observation System of Systems (GEOSS)68 aims to be a global and 
flexible network of content providers allowing decision makers to access an extraordinary 
range of information directly on their desk. It brings together existing observing systems 
around the world while supporting the development of new systems where gaps currently 
exist. The network interoperability is ensured by a common set of standards so that data from 
different instruments can be combined into coherent datasets. This network is supported by 
the GEOSS Common Infrastructure (GCI) that provides catalogue, search engines and a GEO 
Portal that offers a single Internet access point for users’ search and discovery of data, 
imagery and analytical software packages to all parts of the globe. 

The GeoViQua FP769 project significantly contributes to this by adding rigorous data 
quality representations to existing search and visualisation GEO Portal functionalities, 
prioritising interoperability at all times. Information about data quality is extracted from 
several sources; some of them are from metadata, data inter-comparison, validation processes 
towards in-situ sensor data, provenance information and from user feedback. Current or 
extended standards for data quality description are used or developed to define ‘quality 
indicators’, including quality and provenance parameters as proposed by the GEO strategy on 
data quality, the “Quality Assurance Framework for Earth Observation” (QA4EO)70”. 
GeoViQua combines geospatial data together with information on their quality and 
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processing services within GEOSS catalogues. Graphical representation of the metadata 
parameters enables the user to easily screen the data71. GeoViQua is contributing 
significantly to an enhanced, user-driven, and practical GEO Label and thus allowing 
increasing user trustworthiness over GEOSS data and services delivery.  

The GEO label is proposed as a value indicator for geospatial data and datasets 
accessible through the GEOSS. GEO Label could assist in searching activities by providing 
users with visual cues of dataset quality and possibly relevance; a GEO label could 
effectively stand as a decision support mechanism for dataset selection. The GEO label will 
be a graphic representation, i.e., a static image (Figure 2), which will be generated 
individually for each dataset in the GEOSS (or other data portals and clearinghouses) based 
on the quality information that is available for that dataset72. 

 

 
Figure 2 Geo Label Example 

Spatial	Data	Quality	
Spatial data quality (SDQ) has been a core sub-discipline of geographic information sciences 
(GISciences)/geomatics. It has drawn considerable attention from the academic community 
and government agencies and, more recently, from industry. Spatial data quality and 
uncertainty are two of the fundamental theoretical issues in geographic information science, 
where there is a keen interest to quantify, model and visualise the accuracy of spatial data in 
more sophisticated ways. This interest was at the origin of the 1st International Symposium on 
Spatial Data Quality (ISSDQ), which was held in Hong Kong in 1999 and has since held 
nine research conferences every two years73. The International symposium on "Spatial 
Accuracy Assessment in Natural Resources and Environmental Sciences" has been held every 
two years since 1994 under the auspices of the International Spatial Accuracy Research 
Association (ISARA). The Symposium is a unique place to bring together experts from 
environmental sciences, natural resources, spatial statistics, and geographic information 
science developing theory and methods for assessing and understanding spatial accuracies 
and spatial uncertainties in mapping, monitoring systems and spatial simulation platforms74.  
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Uncertainty	and	Fitness-for-Use	
Spatial data are inherently uncertain [15]. It is the nature of our society that everything is 

interpreted and that the same reality is likely to be modelled differently by different people 
[16]. Therefore, data consumers will always be exposed to some level of data uncertainty. 
The main issue is to enable consumers to determine if a given dataset is fit for use. The 
quality of spatial data depends on the producer’s perception, i.e., internal quality, and the 
user’s perspective, i.e., external quality. From the producer’s point of view, quality of spatial 
data is determined by currency, geometric and semantic accuracy, genealogy, logical 
consistency, and the completeness of the data. The user’s concern, on the other hand, is 
“fitness for use,” or the level of fitness between the data and the needs of the users, defined in 
terms of accessibility, relevancy, completeness, timeliness, interpretability, ease of 
understanding, and costs [17].  

A spatial dataset that complies with all user requirements is considered to be fit for use. 
This concept was introduced as an informed judgement made by spatial data users based on 
quality parameters provided by the producer [18]. There have been several attempts in 
research on spatial data quality to help users determine a spatial dataset’s fitness for use [19, 
20, 21, 22, 23, 24]. These assessments of fitness for use has mostly been a failed exercise, 
and remains an open problem. A recent study [25] has identified the following two aspects of 
spatial data quality as the reasons for this failure. 

(i) Communicating quality requirements: In searching for spatial data, the user is 
expected to provide a detailed list of data quality parameters and a range of acceptable values 
for these parameters. This requires substantial expertise, where users are required to express 
their spatial data needs in a formal way [26]. Moreover, data providers often expect that their 
data quality parameters are also used by data consumers to specify their requirements. 
However, this is commonly not the case, as users mainly consider extent, availability, 
producer reputation, cost and popularity as the important quality parameters [27]. 

Evaluating quality: Spatial data providers often assume that data consumers can decide 
about a spatial dataset’s fitness for use, just by looking at its quality parameter values, and 
comparing these with the required quality values [28]. In practice, however, these users often 
determine fitness for use of candidate datasets by comparing them with other datasets already 
in their possession, rather than just by the dataset’s metadata [27]. 
 
When searching for spatial information, expert and non-expert users are expected to know the 
type of spatial data and the clearinghouse or geoportal to use for accessing it. In addition, 
even when the users find the spatial data that they are looking for, they still need to determine 
if the data is fit for their purposes, based on metadata. However, spatial metadata are complex 
and require specialised expertise and knowledge to understand and interpret. Furthermore, in 
the majority of cases, metadata either don’t exist or aren’t complete. In order to aid the search 
for spatial data resources, a study [25] proposes the GUided Earth SyStem, GUESS, which 
enhances current search engines with decision intelligence on fitness for use. This system 
works with profiles that contain data about users and about spatial data resources. GUESS 
allows users without geo-information expertise to provide free-form search requests using 



their own (application) language, which makes communicating data quality requirements 
easier. From a free-form search request, GUESS identifies the spatial extent and the 
application domain, and searches for spatial data resources that comply with quality 
requirements in that domain. As a result, GUESS recommends a spatial data resource that 
best fits the user’s needs. GUESS also relieves users from the struggle with evaluating fitness 
for use by analysing the spatial dataset metadata as an extended capability of current search 
engines using the OpenSearch Geo-Extension plugin [29].  

In an aim to express uncertainty, standards such as ISO 19113, 19114, and 19115 
summarize quality into the well-known elements of lineage; positional accuracy; semantic, 
thematic, or attribute accuracy; temporal accuracy; logical consistency; and completeness. 
However, little research has been conducted into how these quality elements match with data 
consumers’ concepts of quality or their understanding of the terminology itself. These 
elements of spatial data quality have been depicted as descriptions of internal quality—that 
is, they relate to the integrity of the spatial database [30]. In contrast, external quality is 
concerned with the needs of the consumer and is hence related to fitness for use [31]. There 
is, however, little empirical evidence of data consumers making practical use of these 
metrics. The current belief is that there is a shortage of empirical research relating to how 
people perceive and use spatial data quality information for individual datasets in a real-
world environment. Consequently, the focus of our research is to determine the information 
that conveys fitness for use to spatial and non-spatial consumers, in addition to offering 
improved communication strategies. 

Spatial	Data	Infrastructures	and	Best	Practices	
Spatial data infrastructures are a key component of the broader spatial data ecosystem. 

Such infrastructures typically include policies, workflows and tools related to the 
management and curation of spatial datasets, and provide mechanism to support the rich set 
of capabilities required by the expert community. A Spatial Data Infrastructure comprises 
"the technology, policies, standards, human resources, and related activities necessary to 
acquire, process, distribute, use, maintain, and preserve spatial data” [32]. The following 
outlines current best practices for facilitating spatial data infrastructures. 

 

The	Foundation	Spatial	Data	Framework	
In Australia, the national Spatial Data Infrastructure (SDI) aims to deliver consistent 

state and territory data using services for discovery and access through a number of portals. 
Modelling will be critical to ensure that data held in multiple systems using different data 
formats, structures and semantics can be transformed into a common structure and meaning 
to produce national products. Delivery of data in a nationally consistent format can occur in 
parallel with the delivery of heterogeneous data products for use at state and territory level 
[33]. 

The FSDF75 is an ANZLIC initiative that aims to deliver national coverage of the best 
available, most current, authoritative source of standardised and quality controlled foundation 
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spatial data for Australia and New Zealand. Foundation spatial data provides the basic data 
infrastructure within which richer applications can be implemented. ANZLIC envisions 
foundation spatial data as a ubiquitous part of activities across all sectors of both the 
Australian and New Zealand economies. The FSDF has been conceived as a national 
approach to enable access to and evolution of national foundation spatial data. It will provide 
a common reference for the assembly and maintenance of Australian and New Zealand 
foundation level spatial data in order to serve the widest possible variety of users. The FSDF 
represents a data and user demand centric approach to developing national SDI. The key 
benefits to be realised through implementation of the FSDF are “improving supply chains, 
realising efficiencies and reducing the duplication of effort in the Australian, state and 
territory governments” [34]. Ultimately having more accurate products that meet user needs 
and are created in a timely way will lead to better decision making and result in better 
outcomes for the Australian and New Zealand public. The FSDF groups foundation spatial 
data into the following themes: Geocoded Addressing, Administrative Boundaries, 
Positioning, Place Names, Land Parcel and Property, Imagery, Transport, Water, Elevation 
and Depth and Land Cover. 

The primary challenge facing the FSDF is the delivery of coherent national products 
through the transformation and integration of authoritative geospatial data from Australian 
Governments - at commonwealth, state and territory and local government levels. This 
process of data supply, transformation and delivery to end users is part of a complex 
interwoven ecosystem of actors, supply chains, relationships and technology components that 
are part of national and sub-national SDI efforts. Geospatial data supply chains need to 
reconcile different information models and semantics in supplied data to produce national and 
interoperable products [33].  

The Australian Government is supporting the National Map initiative76, which provides 
public access to open data via a Web mapping portal. Portals such as the National Map are 
key components of SDI providing the ability to discover and access a wide range of 
geospatial data delivered using Web services. The National Map is based on a distributed 
architecture using Web services for the discovery, visualisation and access to spatial data via 
a map portal.  

 

Infrastructure	for	Spatial	Information	in	Europe	(INSPIRE)	
The INSPIRE Directive77 aims to create a European Union spatial data infrastructure for 

the purposes of EU environmental policies and policies or activities which may have an 
impact on the environment. INSPIRE is recognised as a world leading example of the use of 
model driven approaches to optimising geospatial data supply chains. This European Spatial 
Data Infrastructure will enable the sharing of environmental spatial information among public 
sector organisations, facilitate public access to spatial information across Europe and assist in 
policy-making across boundaries. INSPIRE is based on the infrastructures for spatial 
information established and operated by the Member States of the European Union. The 
Directive addresses 34 spatial data themes needed for environmental applications. The 
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Directive came into force on 15 May 2007 and will be implemented in various stages, with 
full implementation required by 2021. INSPIRE Data specifications78 are developed using 
ISO standards as a framework, resulting in full interoperability between data of the same 
theme from different providers, as well as a more limited interoperability between data from 
different themes. Data specifications, such as those developed by INSPIRE, are standards that 
can themselves be published in a specific community.  

 

Global	Earth	Observation	System	of	Systems	(GEOSS)	
GEOSS79 is a set of coordinated, independent Earth observation, information and 

processing systems that interact and provide access to diverse information for a broad range 
of users in both public and private sectors. GEOSS links these systems to strengthen the 
monitoring of the state of the Earth. It facilitates the sharing of environmental data and 
information collected from the large array of observing systems contributed by countries and 
organizations within Group on Earth Observations (GEO). Further, GEOSS ensures that these 
data are accessible, of identified quality and provenance, and interoperable to support the 
development of tools and the delivery of information services. Thus, GEOSS increases our 
understanding of Earth processes and enhances predictive capabilities that underpin sound 
decision-making. It provides access to data, information and knowledge to a wide variety of 
users. This ‘system of systems’, through its Common Infrastructure (GCI), proactively links 
together existing and planned observing systems around the world and supports the need for 
the development of new systems where gaps currently exist. It will promote common 
technical standards so that data from the thousands of different instruments can be combined 
into coherent data sets. The ‘GEOSS Portal’80 offers a single Internet access point for users 
seeking data, imagery and analytical software packages relevant to all parts of the globe. It 
connects users to existing data bases and portals and provides reliable, up-to-date and user 
friendly information – vital for the work of decision makers, planners and emergency 
managers. For users with limited or no access to the Internet, similar information is available 
via the ‘GEONETCast’81 network of telecommunication satellites. 

 

ONEGEOLOGY	and	GEOSCIML	
Rich geological data assets exist in many national and sub-national geological surveys, 

but are usually difficult to discover and access. The OneGeology82 project has been extremely 
successful in accessing this data by creating a federated, interoperable digital geological 
dataset of the planet. Its success arises from a highly coherent community with four unifying 
goals: (i) make geological data Web accessible using OGC Web Mapping Service (WMS)83 
and Web Feature Service (WFS)84 standards; (ii) transfer spatial data delivery ‘know–how’ to 
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the developing world; (iii) accelerate the development and adoption of GeoSciML85, the 
international geoscience data exchange standard; and (iv) raise the public profile and 
understanding of geoscience. The OneGeology portal86 delivers data from separate data 
provider services (a federated model) allowing users to access basic standardised images of 
maps using OGC WMS and WFS, simplified geological data using GeoSciML-Portrayal, and 
complex geological data using GeoSciML. 
 

The	National	Information	Exchange	Model	(NIEM)	
The National Information Exchange Model (NIEM)87 is an XML based information 

exchange format for the United States (US) which has been created to facilitate information 
sharing across US jurisdictions. It represents a collaboration between government agencies at 
all levels (from Federal to tribal) and private industry. The consistent representation of 
common entities allows public and private agencies to efficiently share and exchange 
information using automated processes. 
 

Challenges	of	Traditional	Spatial	Data	Infrastructures	
Finding, accessing and using data disseminated through spatial data infrastructures (SDI) 

based on OGC Web services is difficult for non-expert users. In SDIs information about 
spatial datasets is published as authoritative metadata records and collated in Web-based 
catalogues. The following outlines several challenges of traditional spatial data 
infrastructures: 

 
• By design, the catalogue services only provide access to metadata - and in general 

metadata that is focused on the needs of expert users - not the data itself. 

• The data itself is not indexed - discovery relies on the metadata records that are often 
sparsely populated or out of date  

• Users are unable to “follow links” to access data; it is typically necessary to construct 
some kind of query to access data. Often these queries are complex to define, requiring 
in-depth knowledge of both data structures and the domain-specific query language  

• Once a user discovers a dataset that meets his/her needs and identifies where it is 
available from, a second step is required to access the data itself - often requiring the use 
of unfamiliar protocols or complex API requests. In addition, the data is typically 
available in formats that are not easy to process for non-expert users 

• In spatial data infrastructures, catalogue services are intended to be used for discovering 
spatial assets, not the general-purpose search engines of the Web. OGC Web services do 
not address indexing of their content by those search engines 

• It is often difficult for non-expert users to understand and use the data. Part of this are 
domain-specific complexities that are difficult for non-experts and hard to avoid entirely 
(e.g., handling of coordinates in different coordinate reference systems). But the datasets 
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often address requirements of expert communities with diverse needs, resulting in 
comprehensive, but complex specifications 

 
Integrating data published in spatial data infrastructures with the wider Web ecosystem, 
facilitates semantic interoperability of spatial data, thereby streamlining the discovery and 
access to spatial information. The Spatial Data on the Web, an OGC W3C initiative, aims to 
address these challenges by providing best practices related to the publication of spatial data 
on the Web; i.e., the use of Web technologies as they may be applied to location. These best 
practices suggest a significant change of emphasis from traditional Spatial Data 
Infrastructures by adopting an approach based on general Web standards. As location is often 
the common factor across multiple datasets, spatial data is an especially useful addition to the 
Web of data.  

Semantic	Interoperability	
 Semantic interoperability is the ability of computer systems to interchange data and to 

interpret and use the data according to its meaning, rather than just its surface form. Problems 
arise when one term has multiple meanings or when two or more terms refer to the same 
concept but are not easily recognized as synonyms.  

Increasing numbers of Web applications provide a means of accessing data, from simple 
visualizations to sophisticated interactive tools. The open data movement has led to many 
national, regional and local governments publishing their data through portals. Scientific and 
cultural heritage data is increasingly published on the Web for reuse by others. Crowd-
sourced and social media data are abundant on the Web. Sensors, connected devices and 
services from domains such as energy, transport, manufacturing and healthcare are becoming 
commonly integrated using the Web as a common data sharing platform. The Data on the 
Web Best Practices88 (DWBP) provide a set of recommendations that are applicable to the 
publication of all types of data on the Web. Those best practices cover aspects including data 
formats, data access, data identifiers, metadata, licensing and provenance. Linking resources 
together to create the Web of data provides the following benefits for consumers and 
publishers of data:  

 
• Comprehension: humans will have a better understanding about the data structure, the data 

meaning, the metadata and the nature of the dataset, as linking spatial data to other data on 
the Web provides context 

• Linking data to other sources such as quality metadata provides sufficient information for    
a user to determine if the target resource specified in a link is fit-for-use 

• Processability: machines will be able to automatically process and manipulate the data 
within a dataset 

• Discoverability: machines will be able to automatically discover a dataset or data within a 
dataset. In addition, this facilitates direct search for specific entities rather than accessing 
and parsing a dataset 
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• Reuse: the chances of dataset reuse by different groups of data consumers will increase 
• Trust: the confidence that consumers have in the dataset will improve 
• Linkability: it will be possible to create links between data resources (datasets and data 

items) 
• Access: humans and machines will be able to access up to date data in a variety of forms 
• Interoperability: it will be easier to reach consensus among data publishers and consumers 
• Enables search engines to crawl and index data on the Web for direct discovery by users 

 
In healthcare, many multi-stakeholder workgroups are in existence today to address semantic 
interoperability. Examples include HL789, ISO, and the International Health Terminology 
Standards Development Organisation (IHTSDO90)—the organization that maintains 
SNOMED CT. In healthcare, ontologies have become a major method of managing data and 
providing a mechanism for disparate systems to communicate. An ontology viewed with a 
data standards lens is a model of knowledge that serves as a semantic translator that is able to 
reconcile metadata standards, XML dialects, and database access methods.  

In the spatial domain, there is currently a lack of consistency in how spatial data is 
published on the Web. Publishing Spatial data on the Web is more than providing spatial data 
file downloads or services; for data to be on the Web, the resources it describes need to be 
identified using HTTP URIs, be published in such a way that they are indexable by search 
engines, and be connected, or linked, to other resources. This makes the data easy to find and 
easy to access for non-specialist users; i.e., the spatial data becomes integrated within the 
wider Web of data. It is not that there is a lack of spatial data on the Web; the maps, satellite 
and street level images offered by search engines, in addition to portals providing information 
such as parking availability and prices at any given point in time in specific cities or suburbs, 
are a few examples of spatial data being used in Web portals. However, published data is 
difficult to find and often problematic to access for non-specialist users. The key problems 
are discoverability, accessibility and interoperability. The goal is to enable spatial data to be 
integrated within the wider Web of data, providing standard patterns and solutions that help 
solve these problems. More specifically, the aim is to better integrate data published in 
Spatial Data Infrastructures with the wider Web ecosystem. 

 

Semantic	Web	
Most of the Web's content today is designed for humans to read, not for computer 

programs to manipulate meaningfully. Computers can adeptly parse Web pages for layout 
and routine processing — but in general, computers have no reliable way to process the 
semantics. The Semantic Web will bring structure to the meaningful content of Web pages, 
creating an environment where software agents and Web crawlers can readily carry out 
sophisticated tasks for users. Consequently, the Semantic Web provides a common 
framework that allows data to be shared and reused across application, enterprise, and 
community boundaries91. The idea of the Semantic Web has been around for well over 10 
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years, and more recently principles of Linked Data [35] have gained a lot of momentum. The 
Semantic Web involves data elements and connections between them being published on the 
Web in order to provide concrete opportunities for experimentation in semantic applications. 
Well-defined, community agreements on semantics hold considerable promise for solving 
harmonization and integration of geospatial data sources from different regions, domains, and 
communities. Due to the universality of location and time, geospatial (and temporal) 
semantics particularly have potential for advancing integration of both geospatial and non-
geospatial data. At the same time, ontologies are increasingly a part of formal information 
specifications and models. The GeoSemantics summit held by the Open Geospatial 
Consortium (OGC) in April 2015 focused on bringing the informal linked data and formal 
ontology worlds closer together in the geospatial standards development process92. 

The aim of the Geospatial Semantic Web (GeoSemWeb)93 research is to make 
information seeking easier by allowing exploration, editing and interlinking of heterogeneous 
information sources with a spatial dimension. Traditional Geographic Information Systems 
(GIS) offer rigid sets of geographic features. However, integrating external data sets into 
these systems typically requires manual integration and programming efforts to ensure that 
the meaning of the provided information can be processed. However, combining the strengths 
of Linked Data94 and GIS systems could spur the transition from islands of isolated 
Geographic Information Systems (GIS) to a geospatially enriched Linked Data Web where 
geographic information can easily be integrated and processed. The large-scale adoption of 
Linked Data95 has started in 2006 and a number of the largest spatial datasets, like 
LinkedGeoData96, already contain spatial information. A considerable number of users and 
organizations contribute and work with structured geospatial data on the Web. The idea of 
large-scale collaborative spatial data management is one of the biggest challenges in the area 
of intelligent information management: the exploitation of the Web as a platform for 
geospatial data integration as well as for searching and querying of geographic information. 

The OGC GeoSPARQL standard97 supports representing and querying geospatial data on 
the Semantic Web. GeoSPARQL defines a vocabulary for representing geospatial data in 
RDF, and it defines an extension to the SPARQL query language for processing geospatial 
data. In addition, GeoSPARQL is designed to accommodate systems based on qualitative 
spatial reasoning and systems based on quantitative spatial computations. 

In the context of spatial data infrastructures in Australia and New Zealand, where the 
jurisdictions have different spatial data schemas and formats, database interoperability is an 
issue. Automatic federation of Australia’s spatial data using Semantic Web techniques, would 
facilitate the unification of all disparate datasets for consumers. This would lead to easier 
access to nationwide spatial data, while lifting semantic burdens on the user. 

Furthermore, Geospatial data sharing is becoming more important in spatial 
infrastructures as huge amounts of data are supplied by a variety of organisations, stored in 
different formats, and managed at different user levels. The increased dependencies on timely 

                                                
92 https://www.melodiesproject.eu/content/geosemantics-summit-standards-intersect-ontologies 
93 https://www.w3.org/community/geosemweb/wiki/Main_Page 
94 https://en.wikipedia.org/wiki/Linked_data 
95 http://lod-cloud.net/ 
96 http://linkedgeodata.org/About 
97 http://www.opengeospatial.org/standards/geosparql 



spatial data have identified the need to improve the automation of the mainly manual decision 
making in spatial data supply chains. This requires seamless access to spatial data in the right 
format and methods to encode and invoke the many different geometric and various policy 
rules. CRCSI has undertaken a recent initiative, where OWL2 is used to represent the spatial 
data, axioms, constraints and rules, and description logic for reasoning. The rules are 
described in a human readable form and not hardwired into computer code. Semantic web 
and artificial intelligence technologies will enable the same architecture to be applied to 
different spatial domains by changing the rules and logic. This research ultimately aims to 
provide a self-service mechanism for user driven spatial transactions and decision support to 
streamline spatial data updating. This addresses the demand for more seamless spatial data 
supply chain operations98. 

 

Ontologies	
An ontology is defined as a formal, explicit specification of a shared conceptualization. 

In computer science and information science, ontologies are used to formally represent 
knowledge within a domain. Ontologies are the structural frameworks for organizing 
information and are used in artificial intelligence, the Semantic Web, systems engineering, 
software engineering, biomedical informatics, library science, enterprise bookmarking, and 
information architecture to formally represent knowledge about the world or some part of it. 
An ontology provides a common machine processible vocabulary to denote the types, 
properties and relationships of concepts in a domain [36]. In the Semantic Web domain, 
ontologies are represented using the Web Ontology Language (OWL) [37] and the Resource 
Description Framework (RDF) [38]. OWL is a family of knowledge representation languages 
or ontology languages for authoring ontologies or knowledge bases and RDF is a family of 
World Wide Web Consortium (W3C) [39] specifications used as a general method for 
defining concepts or modelling information about Web resources. 

 
Ontologies	for	Expertise	Modelling	

Competence management is an important research topic in the more general area of 
knowledge management. Competence management can play a critical role at both an 
organizational and personal level, as it identifies the key knowledge that an employee or an 
organization should possess in order to achieve his/its targets [40]. Research has shown that 
competence and skills management can directly empower a company‘s workforce leading to 
an increase in the company‘s competitive advantage, innovation, and effectiveness [41]. 
Subsequently, Web data mining techniques (named entity recognition and co-occurrence 
data) have been employed to link the individuals in an organisation with expertise and 
associates [42]. Automatic topic extraction techniques have also been applied to scientific 
publications to streamline searches for competency management and expertise [43]. 

More specifically, a number of research efforts have focused on ontology-based 
competency management. In 2000, Sure et al proposed an approach that performs 
competency management by matching people to positions, providing more comprehensive 
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knowledge about individuals' skills, using background knowledge from an ontology and 
secondary information such as project documents [44]. In 2007, Paquette proposed an 
ontology for designing competency-based learning and knowledge management applications 
and a software framework for ontology-driven e-learning systems [45]. This work identifies 
several performance indicators such as frequency, scope, autonomy, complexity and context 
for evaluating expertise [45]. In addition, in 2008 Heath & Motta [46] developed the Hoonoh 
ontology for describing trust relationships in the context of word of mouth information 
seeking. While the Hoonoh ontology is not specific to describing individuals' expertise, it 
does enable these relationships to be expressed, thereby making it suitable for use in expert-
finding applications. It also provides the means to model a number of other relationships, 
which are highly relevant to applications and services in this domain. 

Unlike previous efforts, the Expertise Modelling Framework proposed in this thesis uses 
an ontology for capturing and representing the fine-grained provenance of micro-
contributions in the living documents that host them. This ontology captures the exact 
placement of contributions in the underlying content at different levels of granularity, e.g., 
paragraph, section, sub-section, page, document. It also captures the actions that lead to the 
creation of micro-contributions, e.g., update, delete and add as well as document revisions 
resulting from such actions. It thus captures and represents the evolution of knowledge, 
which in turn facilitates capturing and tracking the changes in individuals’ expertise and 
interests over time. 

 
Biomedical	Ontologies	

Ontologies have grown to be one of the great enabling technologies of modern 
bioinformatics. They are used both as terminological resources and as resources that provide 
important semantic constraints on biological entities and processes [47]. Ontologies provide 
conceptual representations of the terms used within biomedical literature. The conceptual 
representation of the content of documents in turn enables development of sophisticated 
information retrieval tools for organising documents based on categories of information in the 
content [48, 49]. 

Over the past years, there has been an exponential growth in amount of biomedical and 
health information available in digital form. In addition to the 23 million references to 
biomedical literature currently available in PubMed [50], other sources of information are 
becoming more readily available. For example, digitisation efforts have resulted in the 
availability of large volumes of historical material and there is a wealth of information 
available in clinical records, whilst the growing popularity of social media channels has 
resulted in the creation of various specialised groups. With such a deluge of information at 
their fingertips, domain experts and health professionals have an ever-increasing need for 
tools that can help them isolate relevant information in a timely and efficient manner. 
Consequently, enormous effort has been invested and progress has been made, in developing 
tools, methods and resources in the biomedical domain [51]. 

The Unified Medical Language System (UMLS) [52] is a compendium of controlled 
vocabularies maintained by the U.S. National Library of Medicine (NLM) [53], unifying over 
100 dictionaries, terminologies, and ontologies in its Metathesaurus. Overall, NLM provides 



over 200 knowledge sources and tools that can be used for text mining. Other sets of 
ontologies that are maintained through collaborative effort include the OBO Foundry [54] 
and the National Centre for Biomedical Ontology (NCBO) [55]. 

The International Classification of Diseases, revision 11, (ICD-11) ontology [56], is 
currently under active development. International Classification of Diseases is the standard 
diagnostic classification developed by the World Health Organisation (WHO) [57] to encode 
information relevant for epidemiology, health management and clinical use [58]. The 
knowledge-curation process of the ICD-11 ontology is done in a collaborative manner by 
experts from diverse institutions around the world. Each expert contributes to this process by 
authoring (i.e., creating, modifying, removing) ontological concepts. 

SNOMED CT is the most comprehensive and precise clinical health terminology 
product in the world, owned and distributed around the world by SNOMED International. 
SNOMED CT has been developed collaboratively to ensure it meets the diverse needs and 
expectations of clinicians worldwide and is now accepted as a common global language for 
health terms. Patients and healthcare professionals benefit from improved health records, 
clinical decisions and analysis, leading to higher quality, consistency and safety in healthcare 
delivery [59]. 

 
Geospatial	Ontologies	

Due to the increasing amount of geographic information, it is necessary to share 
geospatial information from different sources. However, this information is collected from 
various applications across different organizations, and therefore represent spatial data at 
different levels of granularity and detail in various formats. This data heterogeneity, in turn 
leads to data integration and interoperability problems. Ontologies can be used to 
conceptualize the geospatial domain and provide a shared terminology and common 
understanding for the geospatial community. This common vocabulary can serve as a basis 
for information retrieval, integration and reasoning in geospatial applications.  

WordNet99 is a well-known lexical ontology, which includes geospatial concepts. The 
Semantic Web for Earth and Environmental Terminology (SWEET) ontologies are written in 
the OWL ontology language and are publicly available100. SWEET 2.3 is highly modular 
with 6000 concepts in 200 separate ontologies. The entire concept space can be viewed from 
an OWL tool such as Protégé by reading in sweetAll.owl. Alternatively, these ontologies can 
be viewed individually. SWEET 2.3 consists of nine top-level concepts/ontologies. SWEET 
is a middle-level ontology; most users add a domain-specific ontology using the components 
defined in SWEET to satisfy end user needs.  

Table 1 outlines and compares common spatial data vocabularies used to describe spatial 
data. Additional vocabularies can be discovered from Linked Open Vocabularies (LOV)101; 
using search terms like 'location' and 'place', or tags Geography, Geometry and Time.  
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Data	Quality	Management	and	Ontologies	
Ontologies promise the concise representation of domain knowledge with its entities and 
relationships in a machine-readable way [60]. The way we look at our world, and the way we 
define objects from observations, depend on the person, background, and purpose. One 
remotely sensed image, one set of spatial data, can be a source for many different 
interpretations. Of course, there are a number of common perceptions in society that enable 
us to communicate information, including spatial knowledge. These common perceptions 
change with time as the challenges that the society faces change. For example, in the context 
of spatial information, a look at a series of land cover maps from the same area but from 
different decades clearly shows how thinking has evolved from “exploration” and 
“conservation” to “multiple-use” and the legend and the spatial units changed accordingly, 
even where no changes happened on the ground. This is where ontology plays a role [61]. 
From the point of view of data quality management, ontologies could provide the following 
benefits: 

 
Knowledge	reuse: The management of data quality requires capturing business knowledge in 
the form of logical rules that define the characteristics of how to recognize incorrect data. 
This knowledge “reflects the ongoing operations of a business” and the same knowledge may 
also be relevant for other business areas. For example, data requirements, such as the 
definition of credible values for a certain data element, could not only be used for data quality 
measurement, but also for the verification of new data entries or imported data. In many 
systems, such knowledge is often hidden within application logic. In order to make such 
knowledge reusable and transparent to business users, it is necessary to move it out of the 
application logic into an explicit representation. One possible solution to preserve and publish 
data knowledge in a reusable way could be the structured representation of that knowledge 
via ontologies. For example, data requirements could be represented with the help of an 
ontology and linked to the corresponding data element. Moreover, the data element could be 
linked to the data owner and the business tasks in which the data is being processed to 
support organizational tasks of data quality management [62]. 
 
Semantic	 reconciliation: Due to the expressivity of ontologies, it is possible to precisely 
define the semantics of data. When requesting information, we often ask ambiguous 
questions that may lead to completely different answers depending on the interpretation of an 
individual. With the use of ontologies, we are able to explicitly represent the concise 
semantics of data and annotate formal and informal definitions. This may lead to a reduction 
of misunderstandings and misinterpretations [63].  
 
Creation	of	a	shared	understanding: Explicit knowledge representation of a domain in form 
of an ontology facilitates communication about different viewpoints and thereby supports the 
creation of a shared understanding about a domain [64, 65, 66]. Moreover, it is possible to 
enrich the elements of an ontology by textual definitions. If maintained precisely, such 
human-readable definitions may additionally reduce ambiguity and, therefore, support a 
common understanding [65]. 



Content	integration: Several research approaches discuss the usefulness of ontologies for data 
and content integration within and across enterprises [67, 68]. The distribution of data and 
quality-relevant knowledge requires superior integration capabilities when managing data 
quality. Data quality management may, therefore, benefit from the integration capabilities of 
ontologies.  
 

Deduction	 of	 implicit	 knowledge: Due to the explicit representation of concepts and 
relationships including their semantics within ontologies, it is possible to infer implicit 
knowledge, e.g., through reasoning engines [65]. This novel feature of ontology-based 
information systems may open up additional capabilities for business cases, such as data 
quality management. 

 

Limitations	of	Integrating	Spatial	Data	with	the	Web	of	Data	
While integrating data, including spatial information, into the Web of Data provides 

significant benefits to both consumers and publishers, current practices highlight several 
issues that inhibit the use or interoperability of spatial data on the Web. There might be 
emerging practice, i.e., a solution that has been theorized for a certain issue and has possibly 
been experimented on in beta settings, but not in production environments. The following 
lists a number of such issues: 

 
• Different representations of geometries; i.e., the question of different serialization formats 

to choose from; while the spatial data on the Web best practices102 describes different 
formats, it does not make a definitive choice as to which format is best. Although having 
only one format for geometries on the Web would reduce complexity, the currently 
available formats reflect different requirements with respect to data complexity and 
manipulation. Furthermore, different use cases may require geometries at different levels 
of accuracy, precision, and size. The spatial data on the Web best practices103 outlines 
some of the approaches to address this requirement, considering general application 
scenarios and providing guidance on the criteria to be taken into account for choosing the 
appropriate technique (e.g., compress geometry data, use compact formats, apply 
geometry generalization mechanisms). The overall recommendation is to make available 
multiple representations of geometry data, and to give data consumers the ability to 
identify those most fit for purpose. A variety of mechanisms can be used to achieve this, 
as publishing different geometry representations at different URIs, and accompanying 
them with a human- and/or machine-readable description of their characteristics (e.g., 
format, spatial resolution, scale, level of generalization). However, the lack of common 
practices in this area makes it difficult to provide consistent guidelines on how to publish 
and access different geometry representations. 

• Spatial data vocabulary - although a large amount of spatial data has been published on the 
Web, so far there are few authoritative datasets containing geometrical descriptions of 
their boundaries. Currently, no single standardized vocabulary is available that covers all 
needs.  
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• Describing dataset structure and service behaviours – developing a single standard for 
metadata to be used in spatial portals, is an initiative that the Geosemantics DWG104 is 
currently working on. 

• Publishing dynamic and large datasets on the Web - large and complex datasets, e.g., data 
gathered using automated sensors, may be impossible to download in its entirety due to its 
dynamic nature and potential volumes. It is therefore necessary to adequately describe the 
structure of such data and how services interact to expose subsets of this data, down to 
individual records, in a Linked Data context. Currently, there is no established best 
practice to address this issue, especially when considering the spatial and temporal 
dimensions of data. 

• Common units of measure - spatial data is often concerned with measurements (distance, 
angles, etc.); e.g., when specifying the position of a feature according to a Coordinate 
Reference System or the accuracy of that position. In order to facilitate correct 
interpretation, a unit of measurement based on a common understanding must be specified 
and widely adopted and used. 

• Identifying places that are deemed to be the same - Unlike administrative areas and other 
topographic features that have clearly defined boundaries, places often have ill-defined, 
fuzzy boundaries that are based on human perception of ‘place’; a boundary can’t always 
be defined for a place. For example, Edinburgh the named place, published by Ordnance 
Survey, is described using only a notional point geometry; information is not provided 
about the geometric extent. Other examples of places with ill-defined, fuzzy geometries 
include The Sahara, the American West and Renaissance Italy. The relationships between 
places, with their ill-defined (or even absent) geometrical extents, defy description using 
the topological relationships which are computed mathematically from geometry. The 
Spatial Data on the Web Best Practice105 proposes the use of a qualitative assertion based 
on human perceptions to relate places that are deemed to be the same: samePlaceAs. 
Given that the notion of place concerns a social perspective, this practice considers it to be 
distinct from location which is based on geometry. As a result, samePlaceAs can be used 
to assert the imprecise, social perceptions about the equality of places. As with all 
assertions of an imprecise nature that lack formal semantics, samePlaceAs may have 
limited value for semantic reasoning. Exactly what constitutes the ‘same place’ will 
always be somewhat debatable. For example, is a historical hotel that was moved across 
the street to save it from demolition in a redevelopment scheme, that same place that it 
used to be? [SCHEMA-ORG]106 would be a good home for this link relation type. The 
definition would be something as follows:  Thing > Property > samePlaceAs 

Used to relate two places that are perceived to be the same; the physical extent of the two 
places should be broadly comparable but do not need to be equal in a topological or 
geometric sense. Values are expected to be of type: Place. However, the current definition 
of schema:Place is a little too general: “Entities that have a somewhat fixed, physical 
extension”. This definition includes anything with spatial extent (i.e., all Spatial Things); 
e.g., we would consider "my car keys" to be a Spatial Thing, but not a place. A 
continuation of the SDW WG intends to formally define samePlaceAs. 

• Identifying links where the target is published in a remote dataset - while many links 
specify source and target resources that are described in the same dataset, it is 
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commonplace, and encouraged to link between datasets, in order to link resources in the 
Web of data. In such cases, a link refers to some remote target resource. Currently a user is 
unable to determine the existence of a link referring to their target resource and potentially 
identifying a related resource that is useful for their intended goal, when that link is 
published within a remote dataset. 

Conclusion	
With the rapid increase in the amount of published information or data, users are faced 

with the decision of what data to use. In the context of Spatial Information Systems, spatial 
data quality has been identified as a criterion for distinguishing data that is “fit-for-purpose”. 
The focus of this research is to identify spatial data quality from the consumers’ perspective. 
This information will be subsequently used to complement spatial datasets with quality 
metadata, using which consumers can identify datasets that are deemed fit for purpose based 
on their requirements. More specifically, this research aims to bridge the gap between 
producers and consumers of spatial information, by describing and communicating the 
quality of spatial data, based on the information needs of consumers. Towards this goal, a 
framework will be designed based on the “fit-for-use” principle, which differentiates between 
product and quality specifications. The model aims to understand the differences between 
producers and consumers of spatial data and the problems encountered when communicating 
spatial data quality.  

Furthermore, this research will aim to create a vocabulary, i.e., a structured description 
of the quality of spatial datasets, using terms and concepts that are deemed important by the 
consumers. In designing the vocabulary, the aim is to facilitate: (i) automatic computation of 
data quality measures, enabling users to determine fitness-for-use; (ii) reusability across all 
spatial domains and use cases; and (iii) capturing and representing quality descriptions at 
different levels of granularity. In addition, the benefits and feasibility of integrating the 
vocabulary into the Web of Data will be examined. Finally, the vocabulary will be evaluated 
for identifying fitness-for-use in satisfying access and query requirements of a project partner. 
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