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ABSTRACT 

ACCURACY AND COMPLETENESS AS MEASURES OF THE QUALITY OF 

VOLUNTEERED POINT-FEATURE GEOSPATIAL DATA AND EVALUATION OF 

THE EFFECT OF DEMOGRAPHICS ON THAT QUALITY 

William F. Mullen, Ph.D. 

George Mason University, 2014 

Dissertation Director: Dr. Peggy Agouris 

 

Over the last several years there has been a tremendous growth in the generation 

of Volunteered Geographic Information (VGI) data.  The assessment of the quality and 

accuracy of VGI contributions, and by extension the ultimate utility of VGI data has 

fostered much debate within the geographic community.  The limited research on quality 

of VGI has predominately focused on linear feature elements, such as road segments or 

points resulting from intersections of such linear segments, has shown that error within 

the data is heterogeneously distributed.  Additionally, several studies have suggested that 

the quality of VGI is impacted by demographic information such as population density or 

the socio-economic characteristics of an area.   

Researchers have suggested that the quality of VGI is impacted by demographic 

characteristics, such as population density or socio-economic status; however, these have 

mainly been qualitative in nature.  Research on crowd-sourced initiatives has shown that 

data produced by numerous contributors will result in a more accurate product than an 
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individual, although research on VGI is more infrequent.  In addition researchers have 

begun to assess the impact of contributor motivation and bias that has been noted to 

significantly impact the quality of VGI data.  Currently, it remains an open research 

question on how local demographic factors impact the quality of such datasets.  

The focus this research is to investigate VGI data accuracy and completeness as 

representation of data quality and then to quantify VGI error in terms of demographic 

properties in an effort to quantify a potential causal relationship of demographics on the 

quality of the contributed data.  This research specifically focused on the demographic 

characteristics of the crowdsourced area and its relation to the accuracy and completeness 

of the corresponding VGI contributions with respect to OSM.   

This research effort developed a method for quantifying the completeness and 

accuracy of a select subset of infrastructure-associated point feature datasets of 

volunteered geographic data in two separate geographic areas: a portion of Metropolitan 

Denver, Colorado, and Fairfax County, Virginia using a national geospatial dataset as the 

reference benchmark with a national datasets from volunteers used as a comparative test 

dataset.  In addition, in the Denver Study Area, a second, hybridized volunteered dataset, 

which had undergone a focused quality control process was also evaluated for accuracy 

and completeness in comparison with the OSM test data.   

This research used standard count and comparative assessments of the accuracy 

and completeness and statistical and spatial analysis techniques to identify potential 

correlations among such data and the distribution of errors in the form of accuracy and 

completeness found in VGI data.  The findings within this study area do not provide 
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statistically significant support for the earlier arguments that local demographic 

properties may affect the spatial accuracy or completeness of VGI.  Significantly the 

results of this research illustrate the benefits of including quality control in the collection 

process for volunteered data.  The research adds to the understanding of how 

demographics impact on the quality of VGI data and lays the foundation to further work. 
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1 INTRODUCTION 

1.1 Problem Statement 
Changes in communications technology and information availability are having a 

significant impact on the field of geography because of the ability of citizens without 

formal training to produce geospatial products for mass consumption on the internet  

(Rana and Joliveau 2009; Tulloch and Shapiro 2003).  The advancement of tools and 

technology of Web 2.0 allows users to create and compile of geospatial datasets to be 

easily shared across the internet (Goodchild 2007).  And as technology continues to 

improve and the internet is accessible by more citizens, the amount of Volunteered 

Geographic Information is expected to rapidly increase (Mooney et al. 2010b). 

The phrase Volunteered Geographic Information (VGI) defined by (Goodchild 

2007) as “…the widespread engagement of large numbers of private citizens, often with 

little in the way of formal qualifications, in the creation of geographic information, a 

function that for centuries has been reserved to official agencies.” which provided an 

overarching framework to discuss issues related to geospatial data contributions enabled 

by Web 2.0.  Another significant descriptive phrase is “Crowdsourcing” which describes 

VGI in business terms linking resources and work assignments as suggested by Howe 

(2006).  Today crowdsourcing is considered a significant subset of VGI in that 

crowdsourcing is used to refer to mapping tasks assigned to non-professionals within a 
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relevant community and VGI represents geographic contributions without tasking or 

direction (Stefanidis and Rice 2012). 

 The quality and accuracy of these volunteered contributions is a significant 

concern within the geographic community (Flanagin and Metzger 2008).  Nearly 20 years 

after Goodchild (1993) observed that ‘all spatial data without exception are of limited 

spatial accuracy’ the accuracy of geospatial data remains a significant concern with the 

widespread use of new technologies and tools for mapping across the Internet (Haklay et 

al. 2008).  The question of quality presents both challenges and opportunities to potential 

users of disseminated of geographic information (Elwood 2008b). 

Understanding and measuring the data quality of information provided by 

volunteers who may have unreported agendas and/or biases are significant problem in 

geography today.  Volunteered data is usually is provided with little to no information on 

mapping standards, quality control procedures, and metadata in general (Flanagin and 

Metzger 2008).  A step in understanding the potential data quality of volunteered data 

would be to quantify key quality characteristics for geospatial data than can reasonably 

be expected to be included in contributed data sets, and then to compare those 

characteristics against volunteered data to quantify data quality. 

The assessment of the accuracy of VGI has been the subject of earlier work, but 

that work has focused predominately on the accuracy and completeness of linear features 

such as roads and walkways with a focus on analyzing nodes or points that comprise such 

features (Haklay et al. 2008; Girres and Touya 2010; Zielstra and Zipf 2010a; and Feick 

and Roche 2013).  VGI errors have been shown not to be random, and occur, as Feick 
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and Roche (2013) point out, across spatial and thematic domains yielding data that must 

be assessed prior to operational use.  Regarding point feature accuracy, efforts to date 

have focused primarily on road intersections (Haklay 2010; Girres and Touya 2010; and 

Zielstra and Zipf 2010a), and have not evaluated the accuracy of other features that are 

commonly represented as points in VGI datasets.  A representative example of such 

features is Points of Interest (POI) in OpenStreetMap (OSM) (Over et al. 2010).  In order 

to bridge this gap and expand the current state-of-knowledge, in this study we will 

address point features representing schools and will assess relevant accuracy issues, 

namely their completeness and accuracy (spatial error).  

The focus of this dissertation is the quality, in terms of accuracy and completeness 

of crowdsourced VGI features commonly represented as points.  It has been noted that 

public participation in geospatial mapping on the web has allowed citizen groups to map 

and provide local knowledge context that significantly advances the mapping project; 

however, others have noted that the characteristics of the information are less rigorous 

than traditional scientific data collection reporting, which could impact both feature 

content and attribution (Hall et al. 2010 and Elwood et al, 2013).  A step towards 

understanding the potential data quality of volunteered data would be to quantify key 

quality characteristics for geospatial data that can reasonably be expected to be included 

in contributed datasets, and then be used to compare those characteristics against 

reference sources of data to quantify data quality. 

Quantifying the quality aspects of the contributed features represented as point 

data for this project, with its relatively limited spatial extent and restricted contributor set 



4 

 

offers a unique opportunity to assess the question: Is there a measurable error or bias in 

volunteered contributions?  Additionally it is expected that analysis of the contributions 

will provide a best-case assessment of accuracy and completeness of volunteered datasets 

in general.  The findings from this study could then be applied by other researchers 

during implementation of other VGI projects. 

1.2 Motivation 
The motivation for this dissertation is to improve the understanding of the quality 

of VGI data that represents non-traditional mapping sources, such as OSM.  Researchers 

have identified a number of quality aspects that all bear on the overall quality of the data 

elements.  Van Oort (2005) along with Devillers and Jeansoulin (2006) identified 10 data 

quality elements: Lineage, positional accuracy, attribute accuracy, logical consistency, 

completeness, semantic accuracy, usage purpose, temporal quality, variation in quality, 

and metadata quality.  Other researchers (see for example Guptill and Morrison 1995 and 

Girres and Touya 2010) have noted various subsets of key quality elements of spatial data 

are important quality indicators.  Arago et al. (2011) argue that seven measures are 

critical to determining quality.  These are: lineage, positional accuracy, attribute 

accuracy, logical consistency, completeness, semantic accuracy, and temporal quality are 

critical quality elements for volunteered data.  Clearly consideration of spatial data 

quality extends beyond the simple comparative measure of accuracy of a particular 

feature in the real world as it is represented in the digital realm. 

However, VGI represents geospatial data created by individuals with little or no 

training in geographic or cartographic principles but who are creating and publishing 
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geospatial data for others to use.  This relatively unconstrained and non-traditional data 

may be flawed in a number of ways, such as:  lack of production documentation; have no 

indication of collection parameters; be inconsistently collected across specific data layers; 

have no production review processes; and/or introduce significant vagueness in feature 

representation. 

The nature of VGI data discussed above precludes a comprehensive assessment of 

a number of critical quality elements noted by (Arago et al. 2011).  Therefore any quality 

assessment of VGI data requires focusing on measureable quality indicators, such as 

accuracy and completeness.  Furthermore, an understanding of the positional accuracy 

and degree of completeness aids in assessing the potential limitations of including the 

VGI data sources to augment traditional mapping programs (USGS, 2011).   

1.3 Statement of Research Objectives 
The goal of this research is to evaluate the quality of contributed data with respect 

to accuracy and completeness of contributed data and to assess the effects of 

demographics of the place on that quality.  Quantifying completeness and accuracy will 

allow users of the data to better understand the data’s utility, but require that reference 

and test datasets be available.  Fortunately, some recent work in the US has generated 

data which is appropriate for these analyses.  This research uses three data sources 

including a government-provided reference source and two different VGI test sources. 

Determining the overall accuracy and completeness of VGI features represented 

as points itself will provide valuable understanding for future researchers in the VGI area 

as well as to data users considering contributed data as a data source for future projects.  



6 

 

In addition, analysis of the impacts of the demographics of the location of those features 

differences between the reference and VGI datasets using the criteria established in this 

dissertation will yield a valuable understanding of the spatial quality of volunteered data 

that can be extended to other investigations.  

1.4 Hypothesis 
Completeness and accuracy, key indicators of the quality of geographic 

information, are impacted by changes in the demographic properties of the location of the 

respective features in an unconstrained data environment such as VGI. 

1.5 Expected Contribution 
Quantifying the types of quality issues, accuracy, completeness, and geospatial 

tendencies associated with volunteered geographic data in the form of point data 

representing features with areal extent will enhance the understanding of the research 

community and may lead to additional methods to accurately quantify VGI data quality 

and usability in traditional production environments.  Points representing areal features  

have not been well studied to date.  Differences in the content as well as the geospatial 

distribution will allow an assessment of the accuracy of the volunteered data.  The ability 

to statistically quantify the quality of volunteered geographic data from such a limited 

area and number of volunteers should provide researchers with a better understanding of 

the quality of VGI data.   

This dissertation is intended for researchers and developers primarily from the 

geoinformatics community, particularly those focused on social and political geography 

and neogeography (Haklay et al. 2008).  This research focuses on VGI data in the United 
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States (US), where government-provided sources are readily available; however, the 

concepts presented in this research may be applied to any geographic area or dataset.  

Further we expect this work will be of interest to scientists interested in urban geography 

and crowdsourcing as well as project managers evaluating the viability of contributed 

data. 

1.6 Organization of Dissertation 
The remainder of this Dissertation is structured as follows:  Background and 

Related Work reviews the literature background in related studies and includes an 

assessment of the relevance and applicability to the problem of determining VGI data 

quality.  Section 3, Methodology, describes the methodological approach of this research, 

including identifying data sources, the approach for determining data quality of VGI data, 

particularly determining spatial accuracy and completeness, introduces demographic 

considerations, and discusses the non-spatial and spatial statistical analyses that will be 

used to assess the effects of locational demographics of the feature location on the 

accuracy and completeness.  Section 4, Case Studies, presents the Study Areas and data 

preparation methods applied to the data for this research.  Results are presented in section 

5, and the Conclusions and Future Work are presented in section 6. 
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2 BACKGROUND AND RELATED WORK  

Identification and quantification of the quality of a geospatial dataset has been an 

ongoing research focus for geographers for years (See e.g.Chrisman 1991; Fox, Levitin, 

and Redman 1994; Van Oort 2005).  Initial concerns focused on positional accuracy 

associated with source material; however concerns related to topological controls within 

the databases became significant with the transition from paper to digital media.  Data 

that was adequate for production of paper maps may not have been topologically correct, 

and therefore would not be adequate for digital analysis.  As an example we can consider 

a lake footprint that was not closed).  Digital analysis of the area of the lake would 

provide an errant results but plotting the lake outline on a paper map at a small scale 

would be perfectly adequate. 

Past efforts to address accuracy have been instrument-driven: the objective was to 

ensure a well-calibrated collection process that would result in consistently accurate data 

that meet specific accuracy requirements.  However, over the past few years we are 

witnessing a new hybrid type of data collection strategies, with the general public 

generating information through web-accessible portals.  The general public can now 

produce geospatial products for mass consumption on the Internet (Rana and Joliveau 

2009; Tulloch and Shapiro 2003) and the abundance of on-line mapping capabilities, 

such as Google Earth and Bing Maps and ease of use, the familiarity of citizens to the 
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benefits of mapping functions have resulted in increased geospatial data generation by 

citizens without formal geographic training (2010).    

Another significant descriptive phrase is “crowdsourcing” which describes VGI in 

business terms, linking resources and work assignments as suggested by Howe (2006). 

Crowdsourcing has many definitions in relation to the development of geospatial data.  

Brabham (2008) describes the approach as using on-line volunteers to solve a formerly 

internal production requirement of a business or agency.  Heipke (2010) suggested the 

term crowdsourcing be used to describe data acquisition by large and diverse groups of 

people using web technologies.  Stefanidis et al. (2013) differentiated crowdsourcing 

from crowd-harvesting, and VGI from Ambient Geographic Information (AGI) 

respectively.  In the former, the crowd is presented with an explicit task, and their 

contributions are part of this assignment, whereas in the latter broader-scope information 

contributed by the crowd (e.g. through social media contributions) is mined to harvest 

geospatially-relevant content. Harvey argued that crowdsourcing includes both data that 

is ‘volunteered’ and data that is ‘contributed’ suggesting that contributed data represents 

information that has been collected without the immediate knowledge and explicit 

decision of a person using mobile technology that records location while ‘volunteered’ 

data is representative of information explicitly provided Harvey (2013). 

However, the influx of new content produced by volunteers with little or no 

training in geography or cartographic methods, or the ‘Wikification’ of GIS as described 

by Sui (2008) extends researchers concerns about the quality of this data.  Researchers 

have noted that the characteristics of the information are less rigorous than traditional 
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scientific data collection reporting, which could impact both feature content and 

attribution (Hall et al. 2010, and Elwood et al. 2013).  Understanding and measuring the 

data quality of information provided by volunteers, who may have unreported agendas 

and/or biases, is a significant problem in geography today (Neis and Zipf 2012).   

The focus of this research is on crowdsourced VGI (rather than the AGI), and 

more specifically on the accuracy of such information.  A step towards understanding the 

potential data quality of volunteered data would be to quantify key quality characteristics 

for geospatial data that can reasonably be expected to be included in contributed datasets, 

and then be used to compare those characteristics against reference sources of data to 

quantify data quality.  

2.1 Overview 
The assessment of the accuracy of VGI has been the subject of earlier work, but 

that work has focused almost exclusively on the accuracy and completeness of linear 

features such as roads and walkways with a focus on analyzing nodes or points that 

comprise such features (e.g. Haklay 2010).  VGI errors have been shown not to be 

random, and occur, as Feick and Roche point out, across spatial and thematic domains 

yielding data that must be assessed prior to operational use (Haklay et al. 2008; Girres 

and Touya 2010; Zielstra and Zipf 2010a; and Feick and Roche 2013).  

Regarding point feature accuracy, efforts to date have focused primarily on road 

intersections (Haklay 2010; Girres and Touya 2010; and Zielstra and Zipf 2010a), and 

have not evaluated the accuracy of other features that are commonly represented as points 

in VGI datasets.  A representative example of such features is Points of Interest (POI) in 
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OSM (Haklay et al. 2008; Haklay 2010). In order to bridge this gap and expand the 

current state-of-knowledge, this dissertation addresses features commonly represented as 

points assess relevant quality issues, namely their completeness and accuracy (spatial 

error).  In short, anyone with access to the internet can be both a producer and user of 

data (Grira et al. 2010) however with the freedom of production comes a requirement for 

users of that data to understand the  motivation and possible biases of the producers 

(Coleman et al. 2009).  The willingness for citizens to contribute geospatial data that 

interests them has created challenges for traditional mapping agencies as well as 

academic geographers particularly when technologies are used in non-traditional ways to 

create geospatial data Sui (2008).   

It has been postulated that data produced by numerous contributors who all have 

editing capability will likely produce a more accurate product than an individual may be 

able to achieve (e.g. Goodchild 2009).  While this has been shown to be plausible through 

extension to existing web information sites such as Wikipedia, the concept is less well 

understood for localized VGI contributions with limited contributors as there has been 

limited research on the quality of local contributions (Hall et al. 2010) and even how to 

use this new and informally created of geospatial data production (Feick 2010).  In 

addition, researchers have considered how to quantify the value of the contributions from 

a societal perspective (Sieber 2006; Elwood 2008b; Elwood 2009) as well as evaluating 

the quality and usability of the contributed geospatial data itself (Cooper et al. 2011).   

In considering other crowdsource efforts, while there are numerous examples of 

large numbers of citizens creating and sharing geographic information for others use, 



12 

 

three will be discussed.  The first is OSM, an now global effort at providing accessible 

street mapping to the public by the public that was started in London in 2004 and by 2011 

had a half million registered users according to the information posted on Wikipedia 

(http://en.wikipedia.org/wiki/OpenStreetMap).  By 2009, approximately 84% of the 

United Kingdom had some level of detailed mapping generated by interested citizens.  

Lessons from other internet sites, which receive public contributions, such as 

Wikipedia (http://www.wikipedia.org) which allows both registered and unregistered 

users for contributions, or OSM (http://www.openstreetmap.org) which require 

registration prior to contributions may provide some understanding of both quality and 

quality control by the crowd.  Some research has found that unknown contributors also 

produce high quality contributions to Wikipedia (Coleman et al. 2009).  Additionally, 

Coleman et al. (2009) have suggested that individual contributors of geospatial data are 

likely to be characterized into one of five overlapping categories: 

1. Neophytes - individuals with no formal background in a subject, but 

possessing the interest, time, and willingness to offer an opinion on a subject; 

2. Interested Amateurs - contributors who have begun reading background 

literature, consulted with other colleagues and experts about specific issues, and are 

experimenting and gaining experience in the subject; 

3. Expert Amateurs - individuals who now may know a great deal about a 

subject and practice it passionately on occasion, but do not rely on it for a living; 

http://www.wikipedia.org/
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4. Expert Professionals - contributors who have studied and practice a 

subject, rely on this knowledge for a living, and may be sued if their products, opinions 

and/or recommendations are proven inadequate, incorrect or libelous; and 

5. Expert Authorities - individuals who have studied extensively and long 

practiced a  subject to the point where they possess an established record of providing 

high-quality products, services and/or well-informed opinions -- and stand to lose that 

reputation (and perhaps their livelihood)  if that credibility is lost. 

2.2 Demographic Characteristics of VGI Contributions  
A significant concern related to the geospatial data contributed from 

crowdsources or volunteers is how to determine the credibility of contributors and the 

reliability of their contributions.  Steinmann et al. (2013) profiled OSM contributors two 

ways, in accordance across the spectrum of OSM creation, editing, updating, deletion 

actions within OSM, as well as by type of data contribution (ex. highway mapper, 

building mapper, amenity mapper, etc...).  Oreg and Nov (2008) assessed motivation for 

contribution to open source initiatives.  They noted three motivational elements, ranked 

by priority of importance for contribution were, self-development, altruism, and lastly 

reputation building.  Similarly Schmidt and Klettner (2013) noted the highest positive 

motivational response to their survey was ‘crisis support’, an altruistic purpose of 

providing ‘meaningful’ contributions.  Notably Steinmann et al. (2013) concluded that 

just 5 percent of contributors are producing most content in OSM.   

Kuznetzov (2006) argued that for Wikipedia, perhaps the ‘poster child’ for 

crowdsourcing efforts, the key motivation is a sense of community and accomplishment; 
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the same case can be made for VGI sites.  Wunsch-Vincent and Vickery (2007) noted 

that a third of all US Internet users had posted content, in some form, to the Internet.  In 

addition the authors suggested that for the motivated contributor, a range of drivers 

supporting user-generated content exist, including:  technological, social, economic, and 

institutional or legal considerations.  In essence, if it’s not difficult, illegal, or 

inconvenient to contribute the information and there is some motivation form of intrinsic 

social or economic return achieved by the contributor, then there will be information 

contributed.  Nov et al. (2011) suggested that successful citizen science efforts on the 

Internet use both technology and motivation as key elements got improve or sustain 

contributions. 

Nov et al. (2011) state that elements of behavioral intent (what is contributed) can 

be assessed through understanding the elements of motivation:  collective, norm-oriented, 

identification, intrinsic, personal reputation and social interaction, essentially finding that 

the stronger the association between collective motivation and participation intentions 

yielded more actual contributions.  That research did not include assessment of those 

contributors which operate out of malice or with a hidden agenda providing data with a 

specific outcome in mind, or how to deal with either uninformed or mischievous 

contributors.  Cooper et al. (2011) suggest that contributions may be provided to promote 

“... particular political, religious, or social agendas.”  Such VGI ‘mischief’ may include 

errors of commission, omission, or both and could include very detailed, but wrong, 

metadata.  Significantly, with VGI, the quality control process occurs after the data is 

posted to the Internet.  This function allows for immediate dissemination of errant data 
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that by the nature of VGI becomes asserted as correct (Elwood 2008) prior to the 

opportunity to edit or append contributions.  The freedom of traditional production line 

quality control checks provided by VGI processes creates the requirement for users of 

that same data to understand the real or potential issues with quality independent of the 

source of error: mischief or inadvertent.   

No matter the motivation of the contributor Holloway et al. (2007) note that 

Wikipedia is supported by contributors with systemic bias.  The bias encompasses four 

key areas:  Internet access, knowledge of language, available time, and adequate 

technical capability to support the editing functions required of contributors.  These same 

biases serve to describe, with a minor tweak, those volunteers contributing geospatial 

information, replacing ‘knowledge of language’ with ‘knowledge of place’.  Hecht and 

Moxley (2009) confirmed Tobler’s First Law within the ‘non-spatial’ constraints of 

Wikipedia, spatially constrained entities are much more likely to be related than entities 

at a distance.   

The above list doesn’t include those contributors which operate out of malice or 

with a hidden agenda providing data with a specific outcome in mind, and how to deal 

with either uninformed or mischievous contributors.  Cooper et al. (2011) suggest that 

contributions may be provided to promote “... particular political, religious, or social 

agendas.”  In addition Cooper et al. state that acts of mischief may include errors of 

commission or omission (or both) and could include very detailed, but wrong, metadata.  

Additionally they point out that with VGI, the quality control process occurs after the 

data is posted to the web.  This function allows for immediate dissemination of errant 
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data that by the nature of VGI becomes asserted as correct Elwood (2008b) prior to the 

opportunity to edit or append contributions.  

2.3 Technology Convergence and Quality 
Researchers have extensively discussed the challenges and opportunities caused 

by the convergence of social media associated with Web 2.0 and the geospatial sciences 

Sui and Goodchild (2011), particularly in how to filter the variety of data Bishr and 

Mantelas (2008) and even how to use this new and informally created of geospatial data 

production (Feick 2010).  In addition, researchers have considered how to quantify the 

value of the contributions from a societal perspective (Sieber 2006; Elwood 2008b; 

Elwood 2009) as well as evaluating the quality and usability of the contributed geospatial 

data itself (Cooper et al. 2011).   

Elwood et al. (2013) suggest that VGI data may be a valuable compliment to the 

spatial data infrastructure; however they acknowledge there may be issues with 

understanding the value of the data directly as contributed data may be unconstrained 

with respect to data elements and format.  Additionally contributions may range from 

specific point data (observation of x event at y location at z time) to text based comments 

on an event, such as a restaurant review, which does have a location, whether by 

restaurant name or street address.  Researchers have suggested that participation by the 

public follows a variety of models from access and review of official data to actual 

collection/creation of data to support a governmental or community project (Gouveia and 

Fonseca 2008).  More traditional data entries using citizen’s data contributions, such as 

rainfall measurements or the Audubon Society’s annual bird survey have existed since 
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before the internet and have proven valuable contributions to understanding weather 

conditions and species status.  These volunteered contributions include limited attribution 

of location, conditions, date and time.  Other planned data collection events using 

volunteers with limited training have mixed resulted.  Nicholson et al. (2002) reported 

that results of water quality measurements (such as turbidity or pH measurements) in 

Ontario Canada by volunteers showed increased variability over sampling data collected 

by trained/professional researchers.  Despite the increased variability the authors found 

that the overall quality of the contributions provided a benefit to the sampling program.  

2.4 Empirical Quality Assessment 
Researchers understand that there will be error in almost all spatial data despite 

the best efforts at sustaining quality and accuracy Goodchild (1993).  Quality 

measurements associated to text entries of contributed data may represent either 

perspective (restaurant or movie reviews) or instructions (directions to a location or 

reminiscence of a location that has changed with time - ‘on this corner was a great little 

candy store’).  Evaluation of quality of such comments is difficult to directly quantify and 

is more suited to qualification methods suggested by (Flanagin and Metzger 2008).  

However, determining the best method to qualify such data may be difficult without an 

in-depth understanding of the terminology and intent of the contributors (Bishr and Kuhn 

2007).   

Local knowledge has been shown to play a significant role in the quality of 

contributed data (de Leeuw et al. 2011; Flanagin and Metzger 2008).  Within the 

reasonably small area of the present study and a restricted base of contributors, it is 
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assumed that local knowledge will be consistent throughout the study.  Within the 

disaster response community, local knowledge has been shown provide a significant 

benefit to creation of real-time geospatial products that are more responsive to on-the-

ground conditions than traditional mapping agencies despite the potential for lower 

quality data content (Poser and Dransch 2010; M. Goodchild and Glennon 2010). 

In addition van Exel et al. (2010) suggest that assessing crowd quality (CQ), 

which comprises elements of user perspective as well as feature related quality elements.  

User quality is focused on local knowledge, experience and recognition.  Other 

researchers have shown that local knowledge is a significant contributor to geographic 

data quality, (see for example de Leeuw et al. 2011 and Hall et al. 2010a).  Experience 

and recognition are a bit more ephemeral and may be limited by the structure of the web 

sites.  Past experience with a contributor, or a user ID that is part of a registration process, 

while not foolproof, may allow these elements of user quality to be quantified.  In 

addition, van Exel et al. (2010) acknowledge that traditional feature quality criteria see 

van Oort (2006) for example, may not have the same significance within volunteered 

data. 

Flanagin and Metzger (2008) examined credibility of data contributions of 

volunteered geographic data as an indicator of quality.  The authors point out that with 

the increasing contribution of mapping data on the internet by persons who may have 

little or no scientific or geographic training; there is likely a percentage of the contributed 

data that is perceptive in nature as well as from a limited geographical extent.  The 

authors postulated that this type of data will be less likely to be quantifiable, and 
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therefore cannot be treated as traditional mapping data that meet specific production 

standards.  In these cases, the authors suggest that an assessment of credibility would be 

more useful than an accuracy statement related to the data.  De Longueville et al, (2010) 

discuss this concept from a similar perspective of ‘vagueness’ and the difficulty in 

displaying ‘vague’ things on a map.  With the focus on perceived or situated data, 

Flanagin and Metzger (2008) suggest the potential for using a social scoring mechanisms 

to measure data credibility, and potentially actual data quality.  (Frew 2007) suggested 

that the provenance of contributed data would be a significant evaluation tool for 

evaluation of VGI data by recording those (humans or institutions) involved in the 

information's creation and manipulation, and thus provide the foundations for judgments 

about quality and trust.  This concept of associating a contributor’s geographic location 

(in this case IP address) with the spatial location of the data being contributed has been 

shown to have merit (Hardy 2008; Hardy et al, 2012) by extensive analysis of the nature 

of the contributions of geospatially associated data in Wikipedia. 

Considerations of data quality extends beyond the degree or measure of accuracy 

that a particular feature in the real world is represented in the digital realm.  Researchers 

have identified a number of quality aspects that all bear on the overall quality of the data 

elements.  

1. Lineage - this aspect of quality is about the history of the dataset, how it 

was collected, and how it evolved. 
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2. Positional Accuracy - this is probably the most obvious aspect of quality 

and evaluates how well the coordinate value of an object in the database relates to the 

reality on the ground. 

3. Attribute Accuracy - as objects in a geographical database are represented 

not only by their geometrical shape but also by additional attributes, this measure 

evaluates how correct these values are. 

4. Logical Consistency - this is an aspect of the internal consistency of the 

dataset, in terms of topological correctness and the relationships that are encoded in the 

database. 

5. Completeness - this is a measure of the lack of data; that is, an assessment 

of how many objects are expected to be found in the database but are missing, as well as 

an assessment of excess data that should not be included. In other words, how 

comprehensive is the coverage of real-world objects? 

6. Semantic Accuracy - this measure links the way in which the object is 

captured and represented in the database to its meaning and the way in which it should be 

interpreted. 

7. Usage, Purpose, and Constraints - this is a fitness-for-purpose declaration 

that should help potential users in deciding how the data should be used.  

8. Temporal Quality - this is a measure of the validity of changes in the 

database in relation to real-world changes and also the rate of updates. 

Above list from Arago et al. (2011) 
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Interestingly (Haklay 2010) points out that the quality of VGI data cannot be 

evaluated at the object level, or on a regional basis, but rather locally.  This is due to the 

volunteered nature of the data and the fact that linear features may have multiple 

contributors that impact the positional accuracy of the feature.  

2.5 Direct and Indirect Quality Assessment  
Researches have proposed assessing the quality if volunteered data by both direct 

and indirect methods, primarily due to the variability of the nature of the contributions 

themselves.  Contributed data includes a wide range of data elements (Laituri 2003) from 

creation of feature elements that can be physically measured to existing natural features 

(e.g. rivers).  Determining the true location of the features, or ‘Nominal Ground’ is 

normally an unreachable goal due to complexity, sample size and time as described by 

(Servigne, et al, 1995).  Researchers have attempted to quantify both the quality of the 

contributor and the contributions (Coleman et al, 2010).   

Evaluation by direct methods included comparison against existing datasets with 

known accuracies (Haklay 2010) or against sites using ground truth to evaluate the 

accuracy of volunteered contributions (de Leeuw et al. 2011).  Assessing the variability 

of volunteered geospatial data results may also have an economic perspective.  

Incorporating volunteered data into traditional production programs of many 

governmental agencies has been suggested Goodchild (2007).  With the explosive growth 

in volunteered geographic data (Sui and DeLyser 2011) using the web 2.0 technologies 

described earlier combined with budget limitation within the traditional governmental 

mapping agencies suggests that those mapping agencies will look to contributed data to 
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supplement their production efforts most likely in a coordinated manner.  It is unlikely 

that the traditional mapping agencies would use datasets identified on line due to the 

minimum accuracy and quality standards associated with those agencies, and the relative 

lack of data quality information associate with geospatial data posted on the web.  

Additionally, it is unlikely that the random contributions of geospatial data would be of 

an extent useful to an agency with set production plan.  

Spatial distribution of the error has been examined in an effort to identify trends 

within the error (Neis et al, 2011).  In general, the spatial accuracy of VGI, and the 

potential sources for the error have been shown to be inconsistent (Hochmair and Zielstra 

2013; Koukoletsos et al, 2012).  One common assertion among several researchers is that 

is that demographic characteristics of the contributing volunteers impact the distribution 

of the error in VGI data (Fairbairn and Al-Bakri 2013).  

2.6 Volunteer-Based Quality Control  
Researchers have inferred that a number of demographic characteristics that may 

contribute to spatial error identified in VGI (Neis and Zipf 2012).  This section examines 

error in terms of demographic properties in an effort to quantify a causal relationship 

within the study area.  By associating each feature location with the demographic data for 

the Census Tract where the school is located; this paper examines the pattern of VGI data 

error, specifically completeness and accuracy, in conjunction with demographic data of 

‘the place’ to determine if factors more complex than simply population density influence 

the quality of VGI data.   
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Understanding both the demographic characteristics of the individual contributor 

(‘the person’) and that of the area surrounding the location of the VGI data contribution 

(‘the place’) would be an ideal research condition to understand how changes to the 

‘person’ impact the likelihood of accurate mapping of ‘the place’.  For this study, like in 

many crowdsourcing efforts, little is directly known about ‘the persons’ contributing 

data; no demographic characteristics are directly associated with the OSM volunteers.  

The goal of this study is to determine the validity and degree of impact of specific 

demographic properties of ‘the place’ and its effect on accuracy and completeness of VGI 

data. 

In addition, (Grira et al, 2010 and De Longueville et al. 2010) have suggested that 

contributors of geospatial data be involved in the quality control processes.  These 

authors indicated that enabling the contributors to act as quality control reviews will 

enhance the overall spatial data quality in a manner similar to the experiences of 

Wikipedia, where independent researchers have measured the overall content at a very 

high quality level despite the fact that content may be provided by anyone willing to 

contribute information.  The present study looks at the results of the USGS process that 

enlists the data contributors as data quality reviewers. 

Al-Bakri and Brabham (2010) reported statistically significant distance 

differences between Ordinance Survey data and OSM for both point and linear features in 

their study, but considering the general concept of a casual map user accessing the OSM 

data, a statistically significant difference of 10 m, which equates to 5 m in any direction 

might not be noticed, or if noticed, would likely be considered ‘close enough’.  The OSM 
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data compared favorably in accuracy and quality, in the UK and France, the OSM linear 

feature data was noted to be within 6 or so meters of the professional data.  In addition, 

the data content exceeded the professional data within the urban cores areas for all three 

countries.  However with distance from the population centers, the OSM content dropped 

below the professionally produced mapping data.  Additionally, in France, an assessment 

of the attribute and semantic accuracy showed a significant inconsistency in the OSM 

data, with a noted linear trend of improved quality with increased numbers of volunteers 

contributing to the same feature.  Haklay et al. (2010) correlated the number of 

contributors to the average positional accuracy (in percent) indicated that for 

approximately 56 percent of the grids were mapped by between 11 and 20 volunteers 

respectively.  However, Haklay et al. (2010) noted that quality was not statistically 

improved as the number of contributors passed 5.  This suggests that there is an effective 

limit on the quality relative to the number of contributors. 

Population density is the simplest explanation and is consistent with other work in 

the field of volunteered data which has shown that higher populations lead to more 

contributions which ultimately lead to higher quality; however, population density has 

been shown to be insufficient for explaining the error distribution within VGI (Girres and 

Touya 2010).  Other demographics have been suggested as contributing to the patterns 

observed in data quality and these demographics include factors associated with race 

and/or economic status (Tulloch 2008; Elwood 2008b; Graham 2005; Zook and Graham 

2007b; Crutcher and Zook 2009).  
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2.7 Demographic impacts on VGI  
Spatial distribution of the error has been examined in an effort to identify trends 

(Neis et al, 2011), but the spatial accuracy of VGI, and the potential sources for the error 

have been shown to be inconsistent (Hochmair and Zielstra 2013; Koukoletsos et al, 

2012). A common assertion among researchers has been that the demographic 

characteristics of the contributing volunteers impact the distribution of the error in VGI 

data (Haklay et al. 2010; Haklay 2010; Girres and Touya 2010; Zielstra and Zipf 2010a; 

Cipeluch et al. 2010; Neis and Zipf 2012; Fairbairn and Al-Bakri 2013).  Studies 

addressing the relation between population density and VGI data have indicated that in 

densely populated urban areas we have more contributions, which ultimately lead to 

higher quality.  However, population density by itself has been shown to be insufficient 

for explaining the error distribution within VGI (Girres and Touya 2010).  Other 

demographic parameters have also been suggested as potentially contributing to data 

quality patterns, such as race and/or economic status by a number of authors (Tulloch 

2008; Elwood 2008a; Graham 2005; Zook and Graham 2007b; Crutcher and Zook 2009).  

However these earlier discussions were primarily qualitative in nature and were not 

accompanied by rigorous quantitative analyses. This paper examines error in terms of 

demographic properties in an effort to quantify a causal relationship within the study 

area.   

Understanding both the demographic characteristics of the individual contributor 

(‘the person’) and that of the area surrounding the location of the VGI data contribution 

(‘the place’) would be an ideal research condition to understand how changes to the 

‘person’ impact the likelihood of accurate mapping of ‘the place’.  By associating each 
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feature location with the demographic data for the Census Tract where the object is 

located this paper investigates potential correlations between demographic data of the 

place and VGI data error, specifically completeness and accuracy, in order to examine 

whether factors more complex than simply population density influence the quality of 

VGI data.  In essence, we want to investigate the correlation between VGI errors and 

local demographic properties.  However, currently there is little, if any, directly known 

about ‘the persons’ contributing data: no demographic characteristics are directly 

associated with the OSM volunteers. Accordingly we are focusing on the demographic 

characteristics of the place (rather than the contributor), and its effect on accuracy and 

completeness of VGI data.   

The origin of OSM was in Europe, where government agencies do not freely 

distribute GIS data.  OSM tried to address this issue by providing free data that is at least 

equivalent to the data controlled by the government agencies.  In contrast, US 

government geospatial policy has leaned towards providing much of the government-

owned data freely.  The freely-provided data in the US is often bulk-uploaded into OSM 

on a regular basis.  As a result of this fact, the majority of OSM error analysis that has 

taken place to date (Koukoletsos et al, 2012; Neis et al, 2011; Haklay 2010; Hochmair 

and Zielstra 2013; Brown and Pullar 2012) was based on data outside of the US.  Part of 

the motivation for this research is to better understand the OSM data that is available in 

the US. 

Assessing the correlation between VGI and population density, (Zielstra and Zipf 

2010a) examined the differences between VGI and commercial data sources in Germany 
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noting that the quality of the VGI degraded considerably as the distance from the urban 

core increased.  Conversely, rural areas with fewer residents are less likely to attract VGI 

contributions.  However, while one would assume that large numbers of users would lead 

to higher quality (Haklay et al. 2010) showed that there was no observable a correlation 

between number of users and quality of VGI data once that number reaches a certain 

level, while (Goodchild and Li 2012) found that Linus’ Law is not as effective for 

geographic facts as it is for other information like Wikipedia, and that population density 

alone is not sufficient to explain the trends in the data error. 

Haklay (2010) also compared OSM data and the British Ordnance Survey road 

centerline data, finding that OSM data was fairly accurate as compared to the Ordinance 

Survey data, measuring average road centerline displacement of 5.83 m for selected areas 

within London, but did not discuss any spatial patterns which might exist for the 

inaccuracies.  Girres and Touya (2010) compared French data and reported displacement 

of 6.65 m, consistent with the results reported by Haklay (2010).  In a more localized 

analysis in the UK Al-Bakri and Fairbairn (2010) compared both point and linear features 

accuracy of OSM and Ordinance Survey data to ground survey control points.  They 

found accuracy degraded between urban and the more rural ‘peri-village’ areas, noting 

Root Mean Square Error (RMSE) of 9.661m and 11.032m respectively.  For linear 

features, the authors measured an average displacement from the surveyed results of 

about 1.5m using uniformity of buffers established for both the reference and OSM data.  

Researchers have noted that the error were spatially heterogeneous meaning that 
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inaccuracies were often localized to specific areas (e.g. Girres and Touya 2010; Haklay 

2010).   

Elwood et al (2013) note that differences in social processes associated with VGI 

can impact the content and quality of the contributed data. Researchers addressing OSM 

contributions have noted that as the population decreases so do OSM contributions 

(Zielstra and Zipf 2010a).  However, population density itself is not the only factor 

affecting content and quality (Girres and Touya 2010).  Cipeluch et al. (2010) noted a 

significant gap in OSM contributions in an area of high population density in a study in 

Ireland while (Haklay 2010; Girres and Touya 2010) noted a significant decrease in 

contributions for areas that were economically deprived or disadvantaged.  This suggests 

that economic factors, such as income and educational achievement may contribute to 

OSM contributor behavior.  Other authors (e.g. Ghose and Elwood 2003; Sieber 2006; 

Tulloch 2008; Elwood 2008a; Elwood 2009) have suggested that patterns of spatial 

inequity have been observed for participatory and volunteered GIS data, and that this 

inequity can be observed across scales.  Graham (2005); Zook and Graham (2007a);  and 

Zook and Graham (2007b) noted similar impacts in that spatial queries and ‘software-

sorting’ techniques influenced by cultural differences can create or enhance a bias in 

digital presentation or ‘perception’ of a place.  Further, Crutcher and Zook (2009), in a 

study of geospatial data in the context of reporting the impacts of the 2005 Hurricane 

Katrina in New Orleans, noted that racial inequities were a key factor in access and use of 

digital technologies.  
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In summary, researchers have suggested, but not extensively studied, 

demographic element impacts on the content and quality contributions of VGI data.  

Elwood et al, (2013) suggest that an important next step is to understand the impact of the 

societal factors on the character, content, and quality of VGI.  Based on the above 

discussion, a variety of researchers have suggested different categories of demographic 

properties may account for or contribute to VGI data quality.  These categories include: 

General Population characteristics such as population density; Economic Status 

characteristics including income; Educational attainment measures; and/or 

Racial/Ethnicity characteristics.  Volunteered data is usually provided with little to no 

information on mapping standards, quality control procedures, and metadata in general 

(Flanagin and Metzger 2008).  A step in understanding the potential data quality of 

volunteered data would be to quantify potential demographic characteristics associated 

with the completeness and accuracy of VGI contributions in order to quantify bias 

contribution to data quality.  
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3 METHODOLOGY 

3.1 Overview 
The literature review presented in section 2 above identifies four demographic 

categories (general population, economic status, educational achievement, and 

race/ethnicity) to use as a basis to assess demographics impact on the quality of VGI.  In 

the context of this study, VGI quality is determined by straightforward measures of 

dataset completeness and accuracy.  Completeness addresses instances where a test 

dataset fails to identify a corresponding feature that is present in a reference dataset.  

Similarly, accuracy refers to the measured distance (to the whole meter) between the 

feature locations represented by points in the reference dataset and the corresponding 

point representing the feature in the dataset.   

The quantified completeness and accuracy results from the reference and VGI test 

datasets provides an understanding, and potential utility of VGI data to compliment 

traditional mapping data.  In addition to understanding of the general quality of the VGI 

data, this information allows the current research to evaluate the quality of the VGI data 

with respect to the demographic properties for the Census tracts at the feature locations, 

addressing the question:  ‘Do local demographics affect VGI contributions?’   

In order to address this question, a straightforward approach was developed using 

statistical  and geographical statistical tools to understand the association of demographic 
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properties to VGI quality issues of accuracy and completeness. The approach proceeds as 

follows:  

 Computing VGI quality characteristics (accuracy and completeness) for 

each respective feature within the two Study Areas; 

 Compiling demographic statistics by Census tract for each respective 

feature location and associated accuracy and completeness data within the 

study area;  

 Conducting principal component analysis (PCA) and linear regression 

against the accuracy element of VGI quality, and  

 Conducting discriminant analysis on the completeness element of VGI 

quality.  

3.2 Data Sources 
 

This research uses multiple data sources to evaluate the quality (accuracy and 

completeness) of VGI data.  Two data sets were consistent across both Study Areas.  

These are a government-provided reference source and the OSM VGI test data source.   

The reference data common to both Study Areas is based upon information from 

the Department of Education’s lists of public and private schools.  On behalf of the 

Federal government, Oak Ridge National Laboratory (ORNL) was asked to geospatially 

improve the location accuracy of the Department of Education data using repeatable 

methods.  The ORNL data was created by geocoding address information for the schools 

U.S. EPA, (2012).  The resulting dataset is used extensively across the Federal 

government as the definitive national level database of the location and attribute 
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information for both public and private schools in the US.  In addition to this reference 

dataset, two test datasets are also used in this case study. 

The first VGI test dataset comprises school locations from the POI layer of OSM. 

The POI layer represents each specific feature as a node and may include: churches, 

schools, town halls, distinctive buildings, Post Offices, shops, pubs, and tourist 

attractions as noted by the OSM wiki-site (“Points of Interest - OpenStreetMap Wiki” 

2013).  Over et al. (2010) indicates that the primary key in OSM for these nodes is 

“amenity”, which is broken down into categories, including: accommodations, eating, 

education, enjoyment, health, money, post, public facilities and transportation, shops, and 

traffic.  From the above-referenced OSM wiki, instructions are provided to contributors 

to identify schools as areas when possible; however, when the boundaries of the area are 

unknown, the contributor is instructed to place a node in the middle of the area to 

represent the school compound.  Because no limitations are placed on OSM contributors 

regarding the preferred placement of a representative location, significant variation in 

actual point location should be expected, whether the contribution is created from a 

personal GPS, smartphone, or online using heads-up digitizing with imagery of 

unspecified accuracy.  This research used the OSM dataset as a direct assessment of point 

feature accuracy in VGI contributions.  

A third comparative data set, a variation of VGI data, was also included in the 

quality evaluation.  This data is a product of the US Geological Survey (USGS) 

OpenStreetMap Collaborative Project (OSMCP) – 2nd Phase (Poore et al. 2012) in the 

Denver Colorado metropolitan area.  OSMCP represents a hybrid variant of VGI in that it 
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introduces limited oversight to the VGI process: the data are collected through VGI 

processes, peer-edited by volunteers, and a government agency (USGS in this case) 

providing a quality control feedback to the volunteers that is not commonly present in 

traditional VGI data compilation efforts.  The motivation behind the OSMCP effort is the 

desire of USGS to use such VGI data as a complement to their official datasets and 

incorporate the OSMCP results into The National Map (Poore et al. 2012).  

One probable source of inconsistency between the datasets is the use of different 

feature classification schemes within the respective data sources.  Examples of the 

differences include slight differences in definition.  The ORNL and OSMCP data, 

representing elementary and secondary education in the US, includes ‘kindergarten’ as 

representing the first year of elementary school.  However, the word ‘kindergarten’ is 

used in OSM to represent day care facilities.  This yields a potential inconsistency across 

the datasets that should be considered in any evaluation of the datasets.  Within the 

research for this paper this discrepancy did not impact analytical results based upon the 

substantial overlap between these definitions and review of findings presented in the 

Results section.   

3.3 Data Quality 
In assessing the quality of contributed data, it is important to first focus on the key 

elements of data quality that can be measured as part of the proposed study.  As presented 

previously a number of authors have outlined a number of data quality components, 

including:  accuracy (positional and semantic); currency; completeness; lineage, 

attribution; and consistency.  To quantify the quality of contributed data, this dissertation 
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focuses on a subset of the elements noted above.  These are:  completeness and spatial 

accuracy.   

3.3.1 Completeness 
In assessing completeness the present study considers the issues of omission and 

commission within the database.  The description of completeness that is appropriate for 

this study is from Brassel et al. (1995) which focuses on evaluating whether the entity 

objects within the database represents all the entity instances in the real world, or the  

matched/unmatched status of the respective data.  Entities that exist in the real world, but 

not in the database represent errors of omission; when entities are included in the 

database when there is not a corresponding physical structure in the real world, that is an 

error of commission.  The degree of completeness data describes the difference between 

the real world and the information represented in the database as a percentage of the total 

physical structures in the study area.  

Assessing completeness of the contributed data will provide an understanding of 

the reliability of the reported results and allow an assessment of the usefulness of 

contributed data as a potential data source for use by mapping agencies and researchers.  

Any study area represents a closed system in that there are a finite number of structures 

of any particular feature type present in the area.  If the test dataset indicates there are 20 

features, but there are only 15 features in the reference dataset then the contributed data 

presents errant results, suggesting a lower reliability for that data as a source for ‘true’ 

information related to the study area.  It is important to quantify the completeness of the 

data as a key component of understanding the study area. 
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Considering the rather ad hoc nature of VGI approaches, completeness is as 

important as accuracy when it comes to assessing the quality of the contributed 

information. Haklay and others measured completeness of VGI data as a measure of the 

total length of road segments within VGI as compared to the reference data (Haklay 

2010; Girres and Touya 2010; Zielstra and Zipf 2010b). Brassel et al. noted that the 

concept of completeness describes the relationship between objects in a dataset and the 

universe of all objects (real world) and could be extended to include assessing the 

completeness of attribution and metadata Brassel et al. (1995).  Devillers and Jeansoulin 

expanded the definition of completeness to include assessment of errors of ‘omission’ 

and ‘commission’ for datasets that either under-represent or over-represent reality 

(Devillers and Jeansoulin 2006).  Therefore, knowledge of the existing (actual) number of 

features in a study area is a key factor when assessing the completeness of volunteered 

contributions of geospatial data.  Evaluating the completeness of metadata or attribution 

is not part of this research effort. 

This research continues the trend in evaluating both completeness and accuracy, 

but extends the notion of completeness to the comparison of individual point features 

representing area features, and assesses accuracy generally.  Because of the inherent 

vagueness of POI locations, we base our analysis on the notion of school building or 

school campus extent to tie the numeric results to real-world values. 

3.3.2 Accuracy 
Drummond (1995) defined positional accuracy as the ‘nearness’ description of a 

real world entity in an appropriate coordinate system to that entities true position.  
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‘Nearness’ is generally measured as a function of both locational error (accuracy) and 

variability (precision) over a number of samples to generate root mean square error 

(RMSE) and standard deviation.  Accuracy and precision can be visualized by an analogy 

to a bowman shooting arrows at a target.  The object is to hit the bullseye, but the reality 

is the arrows will hit the target near the bullseye.  The accuracy of the arrows can be 

measured as distance from the aim point (bulls eye), and the precision is a measure of 

how close each arrow is to the other arrows.  If all arrows are very close to each other, 

but not near the bullseye, then the accuracy is low (missed the target) but the precision is 

high (close together) (Gilbert 1987).  Alternatively, if the arrows are spread over the 

target, but one happens to hit the bulls eye, then the accuracy is high (one bullseye) but 

the precision is low.  The desired end state is high accuracy and high precision. 

An additional concept can be inferred from the low accuracy, high precision 

example above and that is bias.  If all the arrows are close together and are away from the 

bullseye, then there is a bias in the process of aiming and shooting the arrows that result 

in all the arrows arriving off target but close together.  The measure of bias is the distance 

and direction of the center mass of arrows from the target’s bullseye. 

3.3.3 Data Quality Summary    
The goal of this study, as discussed in section 1.3, is to enhance the understanding 

of the quality of volunteered geographic information.  Assessing the potential differences 

between authoritative sources as well as variations in geospatial distribution will allow an 

assessment of the accuracy of the volunteered data.  By quantifying selected aspects of 

quality associated with contributed data, such as accuracy, completeness, consistency, 
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and geospatial positional will enhance the understanding of the research community and 

may lead to additional methods to accurately quantify VGI data quality and usability in 

traditional production environments.  Assessing the quality of volunteered data from such 

a limited study area and with the limited number of volunteers should provide researchers 

with a better understanding of the quality issues of VGI data.   

3.4 Demographics 

3.4.1 Overview 
Demography is the study of human populations and encompasses the study of the 

size, characteristics, and distribution of these populations, and spatial and/or temporal 

changes to those populations and demographics are quantifiable statistics on variations of 

the respective characteristic properties (age, race, ethnicity, economic status, or sex, to 

name a few) of the population under study (McKechnie 1983).  Demographics are also 

used to identify the study of quantifiable subsets within a given population which 

characterize that population at a specific point in time.  In the United States, the U.S. 

Census Bureau has the responsibility to compile and publish the official demographic 

data, including conducting the decennial Census 

Within the Census Bureau, data is tracked at the State, County, locality, and even 

finer areas of detail including Census block and Census tract.  Census tracts are defined 

as small, relatively permanent statistical subdivisions of a county delineated by local 

participants as part of the U.S. Census Bureau's Participant Statistical Areas Program 

(U.S. Census Bureau, 2012).  The primary purpose of census tracts is to provide a stable 

set of geographic units for the presentation of decennial census data (U.S. Census Bureau, 
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2012).  The 2000 decennial census was the first for which the entire United States is 

covered by census tracts.  Census tracts generally have between 1,500 and 8,000 people, 

with an optimum size of 4,000 people (U.S. Census Bureau 2012).  When first delineated, 

census tracts are designed to be homogeneous with respect to population characteristics, 

economic status, and living conditions.  In addition, the Census Bureau acknowledges the 

spatial size of Census tracts varies widely depending on the density of settlement.  

Census tract boundaries are delineated with the intention of being maintained over 

many decades so that statistical comparisons can be made from one decennial Census to 

another (U.S. Census Bureau, 2012).  However, physical changes in street patterns 

caused by highway construction, new developments, and so forth, may require occasional 

boundary revisions.  Additionally, Census tracts occasionally are split due to population 

growth or combined as a result of substantial population decline.  The relatively static 

nature of the geographies of Census tracts coupled with their relatively homogenous 

population distribution makes them an attractive tool for the analysis presented within 

this paper.  

In addition to the geographies of the Census tracts, specific categories of 

information are collected about residents of the US either annually or as part of the 

decennial Census, including, but not limited to: Age, Sex, Ancestry, Education, 

Employment, Ethnicity, Immigration, Income, Marriage, Population, Poverty, and Race. 

Within each of these categories are specific elements of information associated with the 

specific categories.  As an example, under “Race”, the Census Bureau breaks down the 

population into White, African American, Asian, American Indian, Pacific Islander, 
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Other, and ‘two or more races’.  The Census Bureau reports each of the above elements 

both as a fixed number and a percent of the total population for the each census tract. 

Therefore, each census tract can be internally analyzed across the spectrum of Census 

data (say for example racial mix, income range, and educational achievement) or across 

multiple Census tracts within a geographic area for trends and anomalies.  

3.4.2 Present Research 
The goal of the study is to identify spatial error associated with either the 

completeness (matched/unmatched status) or the accuracy (distance to match) 

characteristics with the non-randomly distributed demographic categories (general 

population, economic status, educational achievement, and race/ethnicity) discussed in 

section 2.2 above to use as a basis to assess demographics impact on the quality of VGI 

by associating the respective demographic properties of the Census tracts point feature 

location within the reference datasets. Total Population is likely an inappropriate measure 

for this study because the initial Census determination of tracts is population based, and 

due to the variation in the area of the tracts, but is retained as a reference value. The 

specific demographic characteristics are presented in Table1. 
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Table 1  Demographic Properties 

Population Education 

Total Population Without High School (HS) Diploma 

Population Density With HS Diploma (and over 25 years old) 

Median Age With BA Degree (or better over 25 years old) 

Males Race/Ethnicity 

Females Whites 

Economic Status Whites - Not Hispanic 

Median Household Income African Americans 

Median Home Value American Indians 

Below Poverty Line Asians 

Homes Receiving Food Stamps Hispanics 

 

 

 

Review of the above table provides two areas of concern when considering this 

data in statistical analysis: scale and correlation.  The first issue is of scale across all the 

values.  An example is differences in scale between the population median age in a 

particular Census Tract and either of the Median Home Value or Median Household 

Income which are initially compiled as count data.  Median age may be 35 to 40, while 

median income may exceed 50,000 to 100,000 dollars.  Statistical analysis can be 

significantly impacted by such scale changes (de Smith et al, 2007; Burt et al, 2009).  

Therefore each demographic property characteristic reported in each census tract will be 

converted from count to percent within each respective study area prior to any statistical 

analysis. 

The second area of concern with the demographic properties presented in Table 1 

is all the properties are likely to be associated with each other to some degree either 

positively or inversely.  Total Population and both Males and Females, those with and 

without High School degrees, and Median Household Income and Median Home Values 
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are examples of positive associated variables.  Conversely, Median Household Income 

(and Median Home Value) is likely to be inversely correlated with those Home Receiving 

Food Stamps or the count of those Below the Poverty Line.   

Conventional multiple regression methods assume the independent variables 

being analyzed are independent (Burt et al, 2009), clearly a criteria not met with the 

demographic properties noted above and that close correlation between independent 

variables (multicolinearlity) can significantly impact the results of statistical analysis.  

However Burt et al, (2009) also note that it is not appropriate to a priori omit variables 

without statistically determining the correlation.  From the above table, it is expect that 

Median Age and Median Household Income would be moderately or strongly correlated 

as generally income or wealth rises with age or work experience.  In addition, it would be 

expected that those citizens with college or advanced degrees, demographic property 

With BA Degree (or better), would also correlate closely with Median Household 

Income.  However that doesn’t mean there is a close correlation between Median Age 

and With BA Degree (or better).  de Smith et al, (2007) note that there are a number of 

valid methods of reducing multicolinearlity impacts, including removal of variables.  

Each of the following statistical approaches were considered and employed with the 

understanding that at least some of the demographic properties were likely to demonstrate 

a high degree of multicolinearlity. 

3.5 Statistical Analysis 
 

The aggregation of the reference data point features with the Census tract 

demographic data (as discussed above) allows analysis of the point feature quality 
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indicator (completeness or accuracy) parameters to the local demographic data (presented 

in Table 1).  The approaches outlined below were conducted individually on the Denver 

Study Area and Virginia Study Area.  The first research step is to conduct a spatial join of 

the reference data point feature locations with the Census tract the corresponding 

demographic properties.  The second step is then to derive the data quality measures by 

comparing the test datasets (one at a time) to the reference dataset, compiling the quality 

indicator parameters of presence/absence (completeness)and distance to match (accuracy) 

for the respective analysis pairs.  The third step is then to determine the statistical 

significance, both non-spatial and spatial, of the correlation between local error and the 

demographic characteristics. Together these steps comprise the approach to determining 

whether local demographic characteristics impact the quality of VGI contributions for 

that area. 

If the demographics and the test and reference datasets are randomly distributed, 

we would expect that no pattern can be identified between them; therefore, demographic 

properties which are randomly distributed can be eliminated from further analysis.  A 

nearest neighbor analysis was conducted to characterize the distribution of the features 

and demographic properties polygons against both completeness and accuracy data for 

the point feature locations in the ORNL reference dataset in the Denver Study Area and 

the Virginia Study Area respectively.  

As the demographic data is continuous, a method was required to classify the 

data. A number of statistical approaches have been developed to classify data, and these 

approaches generally fall into four categories: Natural (Jenks); Quantile; Equal-Interval; 
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and Standard Deviation (Longley et al. 2011a).  The Natural (Jenks) Breaks method 

‘assigns’ break-point values that best represent the actual breaks observed in the data as 

opposed to more arbitrary classificatory schemes such as Quantile or Equal Interval 

which either assign a number of breaks or the range of the breaks within the data (Burt et 

al, 2009).  The Natural (Jenks) Break method was developed for cartographic purposes 

and as a result, the number of bins is typically restricted to seven or less with five being 

common (Longley et al. 2011a).  Within this study, other breakpoints were considered, 

however, no significant differences in results were observed.  Natural (Jenks) Breaks 

within each data element (the specific value of the demographic property associated with 

the point feature being assessed) were used to establish five ranges within each of the 

data properties to facilitate both inter-dataset and intra-dataset evaluations.  

3.5.1 Statistical Distribution 
The statistical distribution was analyzed using a series of analytical methods 

which each worked to tease out more complex relationships within the data.  Non-spatial 

statistical analysis used included, Linear Regression, Principal Component Analysis and 

Discriminant Analysis dependent upon the data quality indicator under consideration.  

PCA was used to determine whether any collection of demographic properties grouped 

together might yield a strong correlation between the demographic properties (Press and 

Wilson 1978).  Linear Regression was used to identify any association of the accuracy 

component and demographic properties at the feature locations (Walpole and Myers 

1978).  Lastly, discriminant analysis of the completeness datasets (presence/absence) was 
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conducted to establish the statistical similarities of respective demographic properties for 

each feature (Davis 1973).   

In addition, demographic characteristics of the feature locations were also 

assessed using spatial statistics methods, including: exploratory regression (de Smith et 

al, 2007); Anselin’s  Local Indication of Spatial Association (LISA) (Anselin 1995); and 

Geographically Weighted Regression (Fortheringham et al, 2002) against the accuracy 

element of VGI quality.  A discussion of each approach is outlined below.  

3.5.2 Principal Component Analysis (PCA) 
PCA was used to identify which of the demographic properties were related to 

each other, which properties substantially contributed to the relationship, and which 

properties could be eliminated from the analyses.  The purpose of this assessment is to 

reduce the dimensionality of a dataset consisting of interrelated variables, while retaining 

as much as possible of the variation present within the original dataset.  This is 

mathematically achieved by transforming the original dataset to a new set of variables, 

the principal components (PCs), which are uncorrelated but are ordered so that the first 

few retain most of the variation present in all of the original variables (Andrews et al. 

1996). 

PCA, as previously discussed, works best with data that share a common scale 

(Andrews et al. 1996).  The transformation to compute the new scaled value for each 

attribute record is straight-forward:  the minimum and maximum attributes are 

determined, and then the minimum is subtracted from the maximum to establish the 
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range, finally the minimum is subtracted from the actual value and the result is divided by 

the range, yielding scaled value for that attribute. 

PCA is useful as a starting point for additional detailed analysis, such as linear 

regression, in that the PCA results may identify multicolinearities within the data that can 

then be used to reduce the data dimensionality prior to additional analysis. By eliminating 

such duplicative or non-contributory variables, linear regression is potentially simplified. 

PCA was used to analyze the relationship between the eighteen demographic properties 

presented in Table 1 to determine whether all of the eighteen demographic properties 

provided unique information or whether they were redundant or unable to provide 

information.  

3.5.3 Error Distribution 
The statistical distribution of the error can be analyzed using histograms in an 

effort to determine whether accuracy errors or completeness errors are generated in tracts 

that fit specific profiles.  

3.5.4 Linear Regression 
Statistical analyses were conducted on the respective datasets (ORNL-OSM and 

ORNL-OSMCP) to assess the association of demographic properties of the feature 

locations with either accuracy or completeness. Linear regression is used in this study to 

assess the association of accuracy with demographic properties (Burt et al, 2009).  This 

analysis used accuracy as the dependent variable and the demographic properties as the 

explanatory variables on the matched features from the respective reference-test datasets.  

The data processing procedures used are consistent with that described above for PCA.  
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3.5.5 Discriminant Analysis 
In addition to assessing the association of accuracy and demographics with linear 

regression, completeness and demographics were assessed using discriminant analysis 

(Davis 1973) by analyzing the differences in the demographic properties for those 

features that were matched against the unmatched features for the respective reference to 

test datasets, by both the presence/absence of the completeness variable and the 

demographic properties that represent the feature location.  The test method effectively 

replaces the Student t test which can only assess the average of two variables (Walpole 

and Myers 1978) where the current research has up to eighteen demographic properties to 

consider.  With this number of variables, the Wilks’ lambda method has the advantage of 

using the structure of covariance of all the demographic properties to obtain an overall 

conclusion (Huberty 1984).  

3.6 Spatial Distribution 
As the statistical analysis failed to identify a clear correlation between error and 

the demographic properties, spatial statistics were employed in an effort to describe the 

complexities of the relationship.  The following sections describe the following analyses: 

nearest neighbor, spatial autocorrelation, local indicators of spatial association, and 

geographically weighted regression. Each of the following sections discusses the method 

and the results obtained. 

3.6.1 Nearest Neighbor 
Assessing the spatial distribution of completeness requires determining if the 

distribution of the match demographic property characteristics is the same as the same 

demographic property characteristics of the unmatched values.  If there is a statistically 
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significant difference between the demographic characteristics of the matched and 

unmatched sets, then those demographic properties can be assessed as impacting the 

‘completeness’, and therefore the spatial error noted in VGI data.  Conversely, if there is 

no statistically significant difference, then there is no effect on the distribution by the 

demographic properties, and no association with spatial error of VGI data can be made.  

Assessing the spatial distribution of accuracy of the VGI data requires 

determining the spatial distribution of the error magnitude compared with the distribution 

of the demographic property characteristics defined in the established Census tracts. If 

there is a statistically significant correlation between the ‘distance to match’ value and 

the demographic properties then the demographic properties can be assessed as impacting 

the ‘accuracy’, and therefore the spatial error noted in VGI data.  Conversely, if there is 

no statistically significant difference correlated to the ‘distance to match’ value, then 

there is no effect on the spatial distribution by the demographic properties, and no 

association with spatial error of VGI data can be made.  

The spatial distribution is checked using nearest neighbor analysis. Nearest 

neighbor provides a measure of the randomness of the spatial distribution of spatial data 

(Clark and Evans 1954).  Nearest neighbor is used to test the randomness of the spatial 

location of a set of points.  Similarly, spatial autocorrelation can be used to describe the 

relationship between spatial data (de Smith et al, 2007).  Both the demographic and error 

data must be analyzed to ensure that their distribution is not random before any patterns 

can be evaluated.  
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3.6.2 Spatial Autocorrelation 
Spatial Autocorrelation evaluates the correlation of a variable across an area with 

itself (Burt et al, 2009).  In essence it is an assessment of how a single variable changes 

across space.  A low correlation of variable values in space suggests the data is randomly 

distributed.  Conversely, similar variables may be clustered in space, and by 

understanding the association of the variable values within those clusters some 

assessment of the nature of the correlation can be made.  If clustered variables are of a 

similar value, the there is a positive correlation, negative correlation occurs when variable 

values are different within a cluster.  A commonly used measure of spatial 

autocorrelation is Moran’s I Index, which is the similarity of attributes by determining the 

difference between each individual value and the mean of all attribute values in the study 

area, commonly weighting the respective values by inverse distance (Wong and Lee 

2005). 

The demographic data is composed of tracts, which are areal features.  Spatial 

Autocorrelation is used to evaluate the distribution of the demographic attributes.  The 

distribution of the demographic properties was evaluated using the spatial autocorrelation 

because the important factor is the distribution of the feature, not the tracts with which 

the elements are associated; however, when considering the accuracy and completeness, 

the distribution of the attributes is only important for the accuracy, since it has a 

magnitude, while the distribution of completeness is presence/absence only.  

An initial assessment of the data variables was conducted through exploratory 

regression with the goal of both eliminating redundant variables and identifying the 

primary contributing suite of variables.  This approach allows analysis of the selected 
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data prior to establishing a model solution.  Exploratory regression was used to assess 

both completeness and accuracy with respect to demographic properties presented in 

Table 1 above.  This approach allows analysis of the collected data prior to establishing a 

model solution.  

3.6.4 Local Indicators of Spatial Association (LISA) 
LISA was developed as an enhancement to spatial autocorrelation.  The 

enhancement allows LISA to identify areas where hot spots, or higher/lower than 

expected, values exist (Anselin 1995).  Once a dataset is shown to exhibit spatial 

autocorrelation, LISA can identify significant areas within the overall dataset that 

generate the spatial autocorrelation.  Within this analysis, LISA will be used to support 

the spatial autocorrelation to determine which records drive the spatial autocorrelation 

values that are observed.  The accuracy attribute will be used in the analysis for both the 

ORNL-OSM and ORNL-OSMCP analysis in the respective Study Areas. 

3.6.5 Geographically Weighted Regression 
Regression analysis is used to analyze the relationship between variables.  Within 

this analysis, the measured relationship is between the accuracy error that was computed 

and each of the demographic properties to determine which combination of demographic 

properties is most closely related to the error.  Tobler (1970) states that "everything is 

related to everything else, but near things are more related than distant things" and this 

violates one of the assumptions of traditional regression analysis.  GWR is a form of 

regression analysis that is designed to be used with spatial data (Fortheringham et al, 

2002).  
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4 CASE STUDIES 

4.1 Overview 
As has been illustrated in the previous section, geospatial data quality is an 

ongoing concern; however, ideas have been presented for comparing reference and test 

datasets with each other.  Quantifying completeness and accuracy will allow users of the 

data to better understand the data’s utility, but require that reference and test datasets be 

available.  The case study in this dissertation evaluates demographic characteristics on 

VGI quality (completeness and accuracy) in two separate geographic areas: Denver 

Colorado and Fairfax County, Virginia. 

The following case study discussion is broken down into several pieces.  Section 

4.2 introduces and provides background information on the two Study Areas that are 

included in this research.  Section 4.3 presents an evaluation of the datasets prior to any 

processing or statistical analysis.  Finally  section 4.4 presents specifics associated with 

the site specific data processes and the rationale for automated and manual data 

processing methods used to prepare the data for the statistical analysis in order to compile 

site specific summary statistics on completeness and accuracy as well as enabling the 

statistical and geospatial statistical analysis presented in the Results chapter. 
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4.2 Study Areas 

4.2.1 Denver Study Area 
The first study area is located in within the Denver Colorado Metropolitan 

Statistical Area.  Selection of this study area aligns with a USGS Pilot Project (Poore et 

al. In Press) that investigated the potential for using VGI data sources, with additional 

quality controls added into the process, to augment existing USGS infrastructure data 

within The National Map and access to the OSCMP data provided this research effort the 

additional benefit of being able to evaluate the accuracy and completeness of a hybrid 

VGI data source as well as the more traditional VGI OSM data.  The OSMCP study area 

is located completely within the Denver-Aurora-Broomfield Colorado Metropolitan 

Statistical Area (MSA) as defined by the Census Bureau (U.S. Census Bureau 2012).  

The study area covers a large percentage of the City and County of Denver, including 

downtown Denver, and extends into portions of the surrounding Arapahoe, Jefferson, and 

Adams Counties as shown in Figure 1, and encompasses approximately 228.5 square 

miles.  The study area consists predominately of commercial, industrial, and residential 

neighborhoods commonly found in heavily urban areas, and includes a population of just 

under 1,100,000 people, or approximately 43 % of total MSA population of 2.54 million. 

The City of Denver Colorado sits along the front range of the Rocky Mountains 

along the South Platte River.  The city started 1858 as a supply base and staging area to 

support gold mining initially in response to the discoveries of minor placer deposits of 

gold along the Front Range and then expanded when larger gold strikes in Central City 

and Pike’s Peak areas of Colorado.  Denver itself grew by as a regional economic hub 

more people migrated to the city seeking economic opportunity directly or indirectly  
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Figure 1  Denver Study Area 
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supporting the mining industry.  Major railroads linked the city to manufacturing centers 

in the eastern US, and the City evolved into a regional service center for both agriculture 

and mining.  During and after World War II, and the Federal Government established 

Denver as a regional center for governmental agencies, particularly those associated with 

the defense industrial base.  This lead to engineering-technology companies migrated to 

the area and fueled other industrial growth, resulting in Denver becoming a regional oil 

business center and to a lesser extent a hub for winter vacationers in the ski resort areas in 

the nearby mountains.  

The City and County of Denver is part of the Denver-Aurora-Broomfield 

Colorado Metropolitan statistical Area (MSA), the 21st largest metropolitan area in the 

United States with a population of 2.54 million according the US Census.  The USGS 

Pilot Project area is comprised of four USGS Quadrangle Map areas (Englewood in the 

southeast, and Commerce City to its immediate north, Arvada.  This area covers a covers 

a large percentage of the City and County of Denver and extends into portions of the 

surrounding Arapahoe, Jefferson, and Adams Counties (as shown in Figure 1).  The study 

area is in the core of the MSA and includes the downtown Denver and consists 

predominately of industrial areas and residential neighborhoods. 

4.2.2 Virginia Study Area 
The second area is Fairfax County, Virginia; the entire county is part of suburban 

Washington DC and shown in Figure 2.  Fairfax County encompasses approximately 407 

square miles and consists predominately of commercial, industrial, and residential 

neighborhoods and includes a population of just under 1,100,000 people, or  
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Figure 2  Virginia Study Area 

 

 



55 

 

approximately 18 % of total Washington DC MSA population of 5.4 million.  Fairfax 

County was selected as a complimentary study area to the Denver area with 

approximately the same population, proximity to a major urban area, and readily 

available local GIS data sources to use in comparative accuracy and completeness 

evaluations, although the median income in the county is significantly higher than that of 

the Denver Study Area.  All population data is derived from U.S. Census Bureau data. 

Fairfax County is located in northern Virginia in the Piedmont region of the mid-

Atlantic Coastal Plain physiographic region.  It is bounded to the north and east in parts 

by Arlington County and the independence cities of Alexandria and Falls Church and the 

Potomac River.  It is bounded on the west by Loudoun County and on the south by Prince 

William County in Virginia.  Across the Potomac from northwest to southeast is 

Montgomery county Maryland, the District of Columbia (Washington, D.C.) and Prince 

George’s Charles counties of Maryland. 

Fairfax County was formally established by the Virginia Assembly in 1742 from 

part of a land grant by British King Charles II in 1649.  The oldest settlements in Fairfax 

County were located along the Potomac River, including Mount Vernon, settled by 

George Washington, and Gunston Hall, the home of George Mason.  Fairfax County 

extends over an area of 407 square miles and consists predominately of commercial, 

industrial, and residential neighborhoods commonly found in urban and suburban areas.  

The county population is 2011 was  just under 1,100,000 people, or approximately 18 % 

of total Washington DC MSA population of 5.4 million according to the U.S. Census 

Bureau.   
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The expansion of the federal government across the Potomac River, and the 

Department of Defense Headquarters located in the Pentagon in the adjacent Arlington 

County during World War II and the subsequent cold war, spurred rapid growth in the 

county. As a result, the once rural county transformed into a major suburban extension of 

Washington DC as the steady, government-driven economic growth increased the areas 

appeal as a corporate location, which also led to growing and increasingly diverse 

population.  In 2010, the county’s population approached 1,100,000 or approximately 

2,700 people per square mile (~1000/km) and the racial makeup of the county was: 

~62.7% White, 9% Black, and ~17.5% Asian, with about 15.6 % ethnically Hispanic (of 

any race). 

The economy of Fairfax County revolves around professional services and 

technology.  Many residents work for the government or for contractors of the federal 

government. The federal government is the largest employer. The economy has also 

made Fairfax County one of the wealthiest counties in the nation, with the 2nd highest 

median household income ($108,439) in the US (just behind neighboring Loudoun 

County).  In addition, with a gross county product of about $95 billion, the economy of 

Fairfax County would rank in the top 75 wealthiest nations of the 192 United Nations 

member countries (Census, 2012). 

4.3 Data  
ORNL data, introduced previously, was generated using pre-prescribed methods 

and standards.  While it is unlikely to be perfect, Goodchild (2007) affirms the use of an 

imperfect reference source data by pointing out that many users are willing to ascribe 
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authority to data sources which are common regardless of the methods under which they 

may have been developed (Michael Goodchild 2007) In addition, the ORNL data is likely 

to be more consistent than the OSM or OSMCP datasets because that dataset was 

developed using standardized collection and data processing methods.  Alternatively, 

since the data was only processed once, there is a high potential that newly opened or 

recently closed schools are unlikely to be reflected in the ORNL data.  The web-based 

data used in the OSM and OSMCP data may represent more up-to-date datasets.   

Table 2 presents the total count of schools within the two Study Areas for each 

data source. While the total numbers of schools are reasonably close across the three 

(ORNL, OSM, and OSMCP) sources in the Denver Study Area and between ORNL and 

OSM in the Virginia Study area, it is important to note ORNL and OSMCP data represent  

 

 
Table 2  School Count by Data Source 

Location Source School Count 

Denver 

Study Area 

ORNL 402 

OSM 406* 

OSMCP 412 

Virginia 

Study Area 

ORNL 370 

OSM 378* 

Fairfax County 211** 

*Includes 48 historical school locations 

**Includes 21 historical school locations 

***Does not include private schools 
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only active schools while OSM data includes historic schools which are likely no longer 

in existence or have changed functions.  Therefore these ‘historic’ schools are likely not 

to match schools in either ORNL or OSMCP datasets. 

A limited review of raw OSM data indicated that the majority of the records were 

derived from the USGS Geographic Names Information System (GNIS) which includes 

historic points of interest. GNIS data was bulk uploaded into OSM and users have not 

removed the historic records.  Significantly, the GNIS data does not include address 

information, and the point features, included in the National Structures Dataset (NSD) are 

unique structure functions representing the geographic location and selected other 

characteristics of manmade buildings and facilities across the US.  The NSD consists of a 

total of 280 different types of structures.  The function of a structure within the NSD is 

critical in its identification in that where a single building houses two separate functions 

(example: a police station and fire station) two separate geographic points and attribution 

are maintained so that each point represents an individual function.  According to the 

USGS, the nominal spatial accuracy of all structures is +/- 50 feet (15 m), but it is 

understood that the original source data from the FEMA HAZUS database did not 

necessarily meet the accuracy goals for all structures (Scheider and Schauer 2006).  In 

order to conduct a detailed evaluation of the individual schools in the respective Study 

Areas a focused assessment of each dataset, including evaluation of the data structure and 

attribution content of the respective datasets.  Table 3 presents the attribute fields for the 

respective datasets included in the source data for ORNL and OSMCP or available via 

download (OSM).  A simple attribute count:  ORNL datasets include 29 different 
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attributes; 30 for OSMCP; and four for OSM suggests that while ORNL and OSMCP 

attribution may be similar, there is a significant difference in information content 

between those two datasets and OSM.  Further examination of the attribute field names 

suggests an even greater disparity. 

 

 
Table 3  Data Source Attribution 

 
 

  

Consider three straightforward information elements as a measure of similarity, 

such as: school name; school location; and grade level (examples include primary, 

elementary, middle, secondary, high) of the school itself.  Based on analysis of the field 

names, 15 of the 29 ORNL attributes appear to provide all, part of, or even duplication 

(the school name often includes the grade level information) of the three information 

elements.  Using a similar analysis only seven of 30 OSMCP attributes appear to provide 

OSM Attribution

OBJECTID LON OBJECTID Location_1 FID

NCESID ENROLLMENT FCode Attribut_1 SHAPE

NAME START_GRAD FType GAZ_ID CATEGORY

LADDR END_GRADE PointLocat OSM_ID NAME

LADDR2 NAICS_CODE Name Version

LCITY NAICS_DESC AddressBui Visible

LSTATE DISTRICT_I Address TimeStamp

LZIP SCHOOL_TYP City Changeset

LZIP4 STATUS State UserName

COUNTRY FTE Zipcode UserID

PHONE NCES_URL UseStatus amenity

CONAME SCHOOL_URL UseStatusH OSM_LINK

COFIPS SHELTER_ID Status GNIS_LINK

LEVEL LAST_UPDAT AttributeS CSET_LINK

LAT Locational USER_LINK

ORNL Attribution OSMCP Attribution
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all, part of, or duplication as noted above of the three information elements. Only one of 

the four OSM attribution fields, NAME, appears to provide the school name, and 

possibly the grade level information.  Significant to this study, the OSM “Name” attribute 

is a concatenation of function and name.  Examples of the effect of the concatenation 

include: “Place of Worship:Applewood Baptist Church”, “Restaurant:Bonefish Grill”, 

“Café:Einstein Brothers”, “Pub:Baker Street Pub and Grill”; and “School:Alpine Valley 

School”.  Aspects of acquisition and process of each dataset is discussed in the following 

text.  

The ORNL data was acquired in ESRI® shapefile format, projected in WGS84 

and the file structure of the ORNL dataset includes separate shapefiles for public and 

private schools and additionally breaks out colleges and universities into a third shapefile.  

The individual datasets were merged into a single file creating a comprehensive schools 

dataset and clipped to the state boundaries of Colorado and Virginia.  The respective 

copies were re-projected into the Central Colorado State Plane system for the Denver 

Study area and into Virginia North State Plane for the Virginia study area. The Colorado 

dataset was then clipped to the boundary of the Denver Study Area, yielding 402 point 

features representing school locations within the study area and the Virginia dataset was 

clipped to the boundary of Fairfax County, yielding 370 schools.  

The OSM data was downloaded from the Internet on 13 December, 2011 and 

represented OSM data as of 16 November, 2011 (CloudMade Downloads, 2013).  The 

OSM points of interest data, provided in shapefile format projected in WGS84, was 

extracted and then clipped to the boundary of the OSMCP study area, yielding 4,285 
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points.  A second clip of the OSM data was conducted to include only those POI’s in 

Fairfax County, Virginia yielding 24,306 points.  In the Denver Study Area, the 4,285 

OSM points of interest were queried to extract records including the phrase “School:” 

yielding 406 schools in the study area.  In the Virginia Study Area, the 24,306 OSM 

points of interest were similarly queried to extract records including the phrase “School:” 

yielding 370 schools in the study area.  One concern with this method of extraction is that 

it relies upon the OSM data contributor to properly tag the schools.  The data was then 

projected into the Central Colorado State Plane system for the Denver Study Area and 

into Virginia State Plane North system for the Virginia Study Area.  Unfortunately, 

address was not included in the OSM extracted data and as a result, only the names can 

be used for comparing the data.  

The OSMCP data provided by the USGS established the Denver Study Area for 

this research, which was also based on the GNIS data discussed above.  The OSMCP data 

extends beyond education features, so schools were extracted from the overall dataset 

using an attribute called FType (Feature Type) yielding 412 schools (Wolf, 2011).  The 

OSMCP data was projected into the Central Colorado State Plane system.  

One of the stated goals of OSMCP project was to gain a better understanding of 

the quality and quantity of data produced by volunteers by implementing the two-step 

quality phase after data collection (Wolf, et al. 2011a).  Matyas et al. (2009) point out that 

data, like OSM, collected through VGI methodologies are often done so in a game-like 

atmosphere because the users contribute when and how they like with little or no 

oversight and as a result does not promote the idea of self-editing.  In contrast, OSMCP 
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addressed the issue noted above by including editors from both student volunteers and 

USGS in a hybrid VGI environment (Wolf, et al. 2011b) and provided the volunteer 

contributors and editors with guidelines regarding the appropriate representative location 

for each feature, and a provision allowing users to add new records, which were not 

identified in the source dataset.  

As has been previously discussed, the methodology outlined in this paper uses the 

ORNL data as a reference dataset because it is the best available from the federal 

government.  However, it is acknowledged that discrepancies between the datasets will 

exist due to the interpretation of the contributor as discussed above.  Records identified in 

test datasets but not present in the reference dataset are useful for completeness measures 

because they highlight the possible shortcomings of the reference dataset, and while 

omitted from the current analysis, are part of future research plans. 

4.4 Data Preparation  
Based on the assessment of the available datasets attribution differences presented 

above a systematic approach was implemented to optimize data extraction in order to 

establish the data quality criteria of accuracy and completeness.  Initially an automated 

process was established to compare feature name and address attribution using four 

approaches as an initial cut on comparing the reference and test datasets and creating two 

attribute fields, one for the match method and one for the distance to match for the 

straight-line distance from the test dataset point feature location to the reference dataset 

point feature.  The automated process developed using Python™ scripting language 

within the ArcGIS™ environment, summarized below is presented in fuller detail in 
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(Jackson et al. 2013), was applied to a single comparison (reference and test datasets) at a 

time.  After completion of the automated review, each feature record, for both the 

reference and test datasets, were reviewed manually using a standardized approach, 

summarized below and presented in (Jackson et al. 2013).  The following text 

summarizes the automated and manual methods used to establish the data quality.  

4.4.1 Automated Methods 
The automated matching process begins with verifying that the spatial reference 

of each dataset is the same and in units which are useful for measuring the spatial error 

between two features.  For example, WGS84 data is unlikely to yield useful matching 

results because the distance measures will be in degrees whereas a projection based on 

feet or meters would yield more useful distance measurements. Next, a spatial join of the 

test dataset to the reference dataset is conducted (using the Spatial Join tool within the 

Analysis Toolbox of ArcGIS™), which creates and populates an attribute “Dist2Match” 

representing the straight line measured distance between the feature point location and 

the most-likely match in the reference dataset for each record.  Initially this value 

represents the physically closest records without regard to name or address feature 

attribution. 

Prior to further analysis, the program added an attribute field the joined dataset’s 

attribute table to identify the match criteria, called “MatchMethod” with an initial value 

populated as ‘0’.  The valid values for the attribute range from 0 to 11 as shown in Table 

4 with each value representing the ‘type’ of match.  The algorithm uses the Python™ 

difflib library to identify similarities in the attribute values, which is based on a pattern 
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matching algorithm developed in the late 1980s by Ratcliff and Obershelp (Python 

Software Foundation, 2012), by examining the nearest test record to each reference 

record using the SequenceMatcher class and the ratio method to find a match.  (Jackson 

et al. 2013) noted that the pattern matching methods implemented in Python™ were used 

because they were fast, effective and provided a resulting matching ratio to quantify the 

degree of similarity between the two attribute text strings. 

 

 
Table 4  Match Method and Description (Jackson et. al 2013) 

Match 

Method Description 

0 Record not analyzed 

1 Automated Exact NAME match to closest record 

2 Automated Exact NAME match to other record 

3 Automated NAME match to closest record using Difflib string comparison 

4 Automated NAME match to other record using Difflib string comparison 

5 Manual Match using Feature Name 

6 Automated Exact ADDRESS match to closest record 

7 Automated Exact ADDRESS match to other record 

8 

Automated ADDRESS match to closest record using Difflib string 

comparison 

9 

Automated ADDRESS match to other record using Difflib string 

comparison 

10 Manual Match using Feature Address 

11 No Match Found 

 

 

The ratio method returns a value between 0 (no match) and 1 (perfect match) when 

comparing two values.  In essence, the method counts the number of matching characters 

between the two strings and divides that number by the total number of characters in the 

two strings and returns that result as a value (ratio).  Through trial and error, appropriate 



65 

 

minimum ratios for matching the name and address attributes were identified. These ratio 

values were selected with a focus on minimizing false positives. 

Initially, the algorithm attempts to identify a perfect text string match between the 

test and reference dataset for feature name or address respectively, if it finds such a 

match, the Match Method attribute field is updated with “1” or “6”.  If the nearest record 

is not found to be an exact string match for the reference dataset, then the algorithm 

sequentially examines the test records to identify if another features attribution provides 

an exact spelling match within the test dataset. If one is found, then the match method 

attribute is updated with a “2” or “7” and the distance to match field is update.   

When all records have been processed for an exact string match, the algorithm 

then recourses through the ‘as yet unmatched’ features leveraging the get_close_matches 

Python script to returns an ordered list of close matches between the reference record and 

all test records.  The script selects the highest match value and compares that value to the 

minimum acceptable ratio to determine whether the record is a valid match populating 

the Match Method field with “3” or “8” if the highest text string ratio is the closest 

feature and with a “4” or “9” for any other text string match.   

4.4.2 Manual Methods 
Due to the variety of spelling, abbreviations, and format changes between 

datasets, the algorithm may fail to match two records because their names and/or 

addresses are too different for the pattern matching algorithm to recognize; however, 

during the manual process, the user can identify these two records as a match. One 

example of manual match is “Escuela Tlatelolco Centro de Estudios” and “Escuela 
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Tlatelolco” where the automated matching methods failed to identify these two records 

due to the difference in the length of the corresponding records.  The difflib ratio 

describing the similarity of these two strings is 0.65, which is well below the minimum 

ratio of 0.83 that was developed through trial and error.  During the manual matching 

process very few which confirmed the decision to set higher ratios to avoid false matches. 

After the algorithm successfully runs, there will remain unmatched features that 

have retained the MatchMethod value of “0”.  The user must manually examine each 

unmatched record that remains to determine if any potential matches were missed. In 

concept, the user displays both the reference and test datasets along with their respective 

name or address feature attribute labels within a Geographic Information System (GIS). 

If a record with a similar name is identified as a match, then the user would update the 

MatchMethod value to “5” and “10” for address matches, measure the distance between 

the two features, and then update the distance, name, and address fields to match those of 

the matched record.  If no match can be found through manual means, then the user 

would update the MatchMethod value to 11 indicating that no match was found, 

repeating the process until no record with a MatchMethod value of 0 remains, completing 

the matching process. 

Finally all automated matches were reviewed manually to confirm the 

performance of the scripting, validation of the match categorization, and distance to 

match calculations.  Interestingly, during the manual review of all automated matches, 

one school in the Denver Study Area, Adams City High School, was observed to have an 

automatic name match (MatchMethod “1”) but over a 3000 meter distance difference 
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between the reference and test datasets.  Review of the school information from online 

sources indicated that the original school buildings (represented in the ORNL dataset) 

had been closed after the compilation of the ORNL dataset and replaced with a new 

school, bearing the same name, in a different location within the school district due to 

population changes since the original school was opened.  This new location was 

represented in both the OSMCP and OSM data (Whaley 2012).  Therefore, this school 

was omitted from further analysis of accuracy or completeness.  Lastly, as OSM data did 

not include address information, therefore the algorithm yields no address-based matches 

in the ORNL-OSM and OSMCP-OSM specific comparisons for either the Denver or 

Virginia Study Areas 

4.5 Accuracy Assessment 
Assessing positional accuracy of the contributed data as the distance between the 

reference and test datasets for the respective features (distance to match) will provide an 

understanding of the reliability of the reported results and allow a measure of variability 

and will aid in assessing the overall quality of contributed data as a potential data source 

for use by mapping agencies and researchers.  It is expected that the overall accuracy of 

the pilot project will be high considering the quality control procedures that were part of 

the project; however, it is important to quantify the accuracy of the data since this is a 

fundamental element of geospatial analysis. 

Accuracy comparisons across datasets from differing sources require careful 

understanding of the standards used for feature placement in each source. As was 

mentioned above, the ORNL data focused on address matching to street centerline.  The 
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OSMCP collection parameters instruct the contributors to locate the school features at the 

building centroids.  OSM instructs contributors to create area features for school 

complexes, but if the complex boundary is poorly specified the contributor is instructed 

to estimate a location in the middle of the complex.  It is important to recognize that 

associating a single point for the features studied in this work may result in different 

degrees of vagueness depending on the characteristics of a specific feature and the 

interpretation by the contributor.  In the absence of a common method, some positional 

differences between any two datasets can occur.   

Drummond’s data definition of positional accuracy, discussed previously, is valid.  

However, in dealing with point features representing areal features being generated in an 

unconstrained voluntary construct, there is an inherent ambiguity in identifying a single 

location to represent such a feature.  A simple example of inherent ambiguity is does the 

point feature represent the centroid or main entrance of the building?  In addition, the 

accuracy of such features is affected by how well a contributor can distill an polygonal 

feature of varying dimensions into a single point location, how repeatable that process is 

by the individual contributor, and how consistently that operation can be performed 

across a range of different contributors.  

Therefore, the accuracy of such features is affected not only by mensuration 

(which is affected by scale, accuracy, and precision) but also by the contributor’s 

interpretation of the appropriate representative location of the feature (Lu and Weng 

2007; Longley et al. 2011).  This ambiguity or vagueness affects the traditional concept 

of accuracy measurements (Worboys and Duckham 2004).  Professional training and 
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experience improves consistency and repeatability across multiple contributors, but this 

does not reflect the ‘as is’ of the VGI community.   

As representational vagueness is inherent in VGI datasets, efforts to assess 

positional accuracy of the contributed data must account for the reality of vagueness in 

the data.  Furthermore, acceptance of the notion of ‘vagueness’ in positional accuracy for 

features that are represented as points aids in assessing the overall quality of contributed 

data as a potential data source for use by mapping agencies and researchers.  In order to 

quantify accuracy comparisons of VGI data, it is incumbent on the researcher to create a 

logical framework to base accuracy measurements as a foundation of the research.  In the 

present research effort, the focus is on the accuracy of point features representing 

schools.  Therefore the accuracy assessment needs to be relative to school size.   

Published information regarding standardized school sizes suggests that a typical 

facility footprint for a 500 pupil middle school with is approximately 40,000 sq. ft. or 

approximately 3,716 sq. m (Abramson 2009).  For the purposes of this research, and to 

simplify the analysis, a simple square building footprint is used as the basic structure.  

Such a simple square building would be ~ 60 m on a side.  Therefore, one half of one side 

would be approximately 30 m.  Similarly, school sites are ideally around 25 acres for 

middle schools with populations of 500 pupils (Weihs, 2003).  Using the same approach 

as previously described, one half of one side of a square 25-acre lot equates to a little 

over 150 m.   

From the above, two points representing the same feature within 30 m of each 

other could be reasonably considered as falling with the building footprint (from the 
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centroid to out on the building edge) and similarly two points within 150 m of each other 

could be thought of as still being on the school property.  Therefore this research uses 30 

m to represent ‘building’ accuracy and 150 m is used to represent ‘campus’ accuracy.  

4.6 Dataset Comparison 
This assessment to determine how many of the schools match between the 

datasets each dataset, the initial process included computation of the intersection, 

complement, and union of the schools data within both Study Areas respectively (ORNL-

OSM and ORNL-OSMCP in the Denver Study Area and ORNL-OSM in the Virginia 

Study Area.  As discussed previously in section 4.3, ORNL data is considered the 

reference dataset for both Study Areas.  Only those matching features between the 

respective datasets can be used to compute the accuracy (distance from feature in the test 

dataset to the matching feature in the reference dataset).  Alternatively, features present in 

the reference dataset but not present in the test dataset provides an assessment of 

completeness.   

The Intersection (Reference ∩ Test) dataset includes all records which are 

common to both datasets, and this set of features is used to compile the accuracy 

statistics.  The Reference Complement Test (Reference \ Test) dataset includes those 

records which are in the Reference dataset, but not in the Test dataset, and these results 

are used to calculate the completeness data.  A second complement data set, the Test 

Complement Reference (Test \ Reference) dataset, includes those records which are in 

the Test dataset, but not in the Reference dataset, suggesting that there are errors of 

omission in the Reference dataset.  The current research did not further analyze this 
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dataset.  Lastly the Union (Reference ∪ Test) represents all records which are in the 

Reference or Test dataset. The previously described intersection and both complement 

datasets were merged to derive the Union.  The Union count represents the total potential 

features between the compared datasets.  The count of the Union dataset can be used as 

the devisor against the Intersection count to present a relative assessment of the similarity 

of the dataset.  Conversely as a devisor of the Reference count, it can be used to assess 

the potential for errors of omission. 
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5 RESULTS 

5.1 Overview 
Following the previous work which focused on linear feature count or length 

comparisons (Haklay 2010; Girres and Touya 2010; Zielstra and Zipf 2010a), the results 

presented in Table 2 for both the Denver and Virginia Study Areas imply that the ORNL-

OSM datasets are similar.  A more detailed assessment of the data presented in Table 1 

indicates that just less than 72% of the schools in the Denver Study Area and just over 

74% of the schools in the Virginia Study Area are common to the ORNL-OSM datasets.  

This strongly suggests a simple feature count, as suggested by Haklay and others may not 

adequately evaluate either spatial accuracy or completeness for features represented as 

points in VGI data. 

Figure 3 presents a portion of the Denver study area that included 33 schools from 

the three datasets: 11 from OSM; 12 from OSMCP; and 10 from ORNL, respectively.  

Review of Figure 3 indicates that there is very good spatial agreement across the three 

data sources for seven locations (blue arrows) where each data source indicates the 

presence of a school.  However, the review also allows identification of four locations 

where only one dataset indicates the presence of a school (red arrows), two of which are 

locations with ORNL reference schools only; one location with only an OSM school 

only; and one location from OSMCP that indicates the presence of a school.  Lastly there 

are five locations that two of the three datasets indicate the presence of schools.  The 
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above visual assessment clearly indicates that while the number of schools within the 

study area are similar, a significant spatial variability between the individual data sources. 

This difference suggests that a detailed evaluation of the data sources is required to 

understand the similarities and differences.  The above assessment only looked at the 

spatial ‘association’ of features, and did not address the specific attribution associated 

with those locations.  

 

 

 
Figure 3  Visual Comparison of OSM, OSMCP, and ORNL Data 

 

 

Based on the previous discussion, Table 2 presents the total number of schools in 

the study area for each dataset and illustrates the similarities between the two datasets 
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based purely on record counts.  While Haklay (2010) used record counts of road 

segments as a surrogate for completeness, the previous discussion goes on to illustrate 

how pure count comparisons are insufficient to describe the differences between two 

point datasets.  These limitations served as the motivation for developing the analysis 

methods described in this chapter.  The result is the method in this paper which quantifies 

these differences in a more robust way.  

Table 5 provides a breakdown of the types of each match that were identified 

using the automatic and manual matching techniques when comparing the ORNL to 

OSMCP datasets (Denver Study Area only) and ORNL to OSM datasets (both Denver 

and Virginia Study Areas respectively) in an effort to determine whether the methods 

outlined in this paper meet the goal of being repeatable and reliable.  For the 

 

 
Table 5  Matching Results 

 
 

 

comparison of ORNL to OSMCP, roughly 82% of the records were matched using the 

automated algorithm while fewer than 7% were matched using manual methods with 

Record Count Percent Record Count Percent
Record 

Count
Percent

Automated Matches 329 82.0% 225 56.1% 87 23.5%

Manual Matches 28 7.0% 62 15.5% 187 50.5%

No Match 44 11.0% 114 28.4% 96 25.9%

All Matches 357 89.0% 287 71.6% 274 74.1%

Total 401 100% 401 100% 370 100%

ORNL - OSMCP ORNL - OSM ORNL - OSM

Denver Study Area

Match Method

Virginia Study Area
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approximately 11% unmatched.  For the comparison of ORNL to OSM, the matching 

percentages were somewhat lower as a result of the fact that the OSM data used in the 

analysis did not contain address information.  Roughly 56% of the records were matched 

using the automated algorithm while approximately 15% were matched using manual 

methods with over a quarter (28%) unmatched in the Denver Study Area.  In the Virginia 

Study Area, the results were slightly different in that just under 24% of the records were 

matched using the automated algorithm while over 50% were matched using manual 

methods with over a just over 26% unmatched.   

These matching results indicate that the automated methods were successful in 

matching a majority of the records automatically in the Denver Study Area even though 

the datasets were contributed using different, or non-existent, standards.  The percentages 

of records which were identified using manual methods were relatively low in the Denver 

Study Area even when the unmatched record counts were high.  These successes in 

automated matching ensure that the method used is repeatable and provide some 

validation for the method.  The differences in automated and manual results between the 

Denver and Virginia Study Area was determined to be due to naming convention 

differences within the ORNL dataset for the two states.  The origin of the naming 

variation is likely due to differences source data provision into the ORNL.  Since the as 

the total matched percentage was similar, although slightly higher in the Virginia Study 

Area 74% than that of the Denver Study Area 71 %  the results suggest the methodology 

used is consistent across the Study Areas.  Additionally, the issues with the reference data 
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also serves as a reminder that it is incumbent on the user to understand the data structure 

and nuances within any dataset being used for analytical purposes.   

The next step of this analytical approach is to use these results to begin to evaluate the 

differences between the datasets by examining the results of the automatic and manual 

matching methods.  Table 6 provides a summary of the counts which were obtained from 

each of the Intersection, Complement, and Union calculations for the respective dataset 

comparisons.  The Union and Complement counts for the OSM comparison are higher 

than the OSMCP comparison in the Denver Study Area the lower matching rates caused 

by the absence of the address information.  However, as is the case for comparing record 

counts discussed previously, simply comparing the counts between these comparisons is 

insufficient when trying to gain a deeper understanding of the results. The Intersection 

results in Table 6 represent the completeness of the dataset comparison. 

 

 
Table 6  Summary of Record Counts for Data Matching. 

 Denver Study Area Virginia Study Area 

Method ORNL-OSMCP ORNL-OSM ORNL-OSM 

Intersection 357 287 274 

Reference Complement 

Test 
44 114 96 

Test Complement 

Reference 
63 99 99 

Union 464 500 469 

Reference Count 401 401 370 

Test Count 412 406 378 
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5.2 Completeness 
Assessing completeness of the contributed data provides an understanding of the 

reliability of the reported results and allows assessment of the usefulness of contributed 

data as a potential data source for use by mapping agencies and researchers. In assessing 

completeness, the present study considers the issues of omission and commission within 

the database.  Brassel et al. (1995) focused on evaluating whether the entity objects 

within the database represent all the entity instances in the real world.  Completeness 

describes the difference between the real world and the dataset as a percentage of the 

total physical structures in the study area.  Using the approach outlined by Brassel et 

al.(1995) to determine degree of completeness, this study compared the test (OSMCP and 

OSM) data to the reference (ORNL) data (Brassel et al. 1995).  As shown in Table 5, the 

Denver Study Area comparison of ORNL - OSMCP data showed that a total of 89% of 

the records matched, and of that, 82% were matched automatically while the remaining 

7% were matched manually indicating that the automated matching algorithm is 

successful. 

In addition, Table 6 also summarizes the comparison of ORNL and OSM data for 

both the respective Study Areas.  While the match rate for this comparison was 

considerably lower with only 71% of the total records matched in the Denver Study Area 

and 74% in the Virginia Study Area, the manual match rate was over twice as high at 

15% with the automated match rate falling to 56%.  The relatively poor performance for 

completeness, due to the lack of address attribution within the OSM data, suggests that 

the utility of OSM data as an alternative mapping source is questionable in both Study 

Areas.  The OSMCP data, which included approximately 9 out of every 10 schools, 
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represented a significant improvement over the unconstrained OSM results of just over 7 

out of every 10 schools. 

Feature matching analyses revealed that the OSM and OSMCP efforts captured 

schools which were not in the ORNL data.  In the Denver Study Area, 28% of the OSM 

schools, 11% of the OSMCP records, and 26% of the OSM Schools in the Virginia Study 

Area remained unmatched as shown in Table 6.  Although beyond the scope of this 

research effort, it would have been interesting to investigate these issues further to 

determine whether these unmatched records identify schools which are absent from the 

reference dataset or whether the test datasets captured records are not actual schools. 

5.3 Accuracy 
While the completeness measure is assessed by comparing the matched and 

unmatched records, the accuracy examines only those records which had matches as 

identified previously in the section 5.2.  The spatial error is evaluated for each match and 

the results are located in Table 7.  While the minimum error was two meters in both 

comparisons, the maximum error for the OSM data (1,848 m) was approximately four 

times that of the maximum error for the OSMCP data (487 m) in the Denver Study Area 

and even higher in the OSM data (4883 m) in the Virginia Study Area.  Both the mean 

and the standard deviation were higher for the OSM data with the latter indicating that 

the error within the OSM data varies more than in OSMCP.  Comparing the ORNL-OSM 

data between the Denver and Virginia Study Areas, the median and maximum error data 

was lower for the Denver Study Area data, but the mean and Standard Deviation of the 

error was lower in the Virginia Study Area, suggesting that there is variability in the 
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OSM data across geographic extents.  However, the median of the OSM data is lower 

than the mean in both the Denver and Virginia Study Areas indicating that the data is 

skewed similarly in both areas.  These results support the notion of error heterogeneity as 

was previously been described for OSM road networks (Haklay 2010; Girres and Touya 

2010; Zielstra and Zipf 2010a). 

 

 
Table 7  Spatial Error (Meters) for Matched Schools. 

Statistics 

Denver Study Area 
Viriginia 

Study Area 

ORNL - 

OSMCP 

ORNL - 

OSM  

ORNL - 

OSM  

Count 357 287 274 

Minimum 2 2 2 

Maximum 487 1848 2603 

Mean 47 190 142 

St. Deviation 50 314 267 

Median 33 43 58 

 

 

Because the error was substantially different between the two datasets in the 

Denver Study Area, an additional effort was undertaken to examine the nature of the 

error distribution.  As was discussed previously, VGI has no formal mechanism for 

enforcement of data collection standards and therefore some users may decide to place 

the school feature somewhere on the building while others may decide to place the school 

feature in the street adjacent to the building.  As a result of these uncertainties of the 

feature placement previously discussed, some error is expected. While on the low end of 

the spectrum, as seen in Table 7, a two meter error could be considered noise, at over 
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1,800 meters, the high end would be considered actual positional error.  Table 8 presents 

an assessment of the error based on the distance thresholds (30 and 150m) introduced in 

the preceding Chapter.  

 

 
Table 8  Percent of Spatial Error in Each Threshold for both Study Areas. 

Datasets 
Distance (meters) 

<30 30 - 150 >150 

Denver 

ORNL - 

OSMCP 
45.85% 49.9% 4.25% 

ORNL - OSM 31.4% 64.8% 3.8% 

Virginia ORNL - OSM 21.9% 68.8% 9.3% 

 

 

 

Using the information in Table 8, the percent of matched schools within 150 m 

(cumulative) for both OSMCP and OSM in the Denver Study Area is approximately 

96%; however, at the 30 m threshold; OSMCP was matched 46% of the ORNL records 

while OSM only matched 31%.  These results indicate that either dataset would be 

equally capable of getting the user to the school property as shown by the similar 

percentage of records below the 150 m threshold; however, the OSMCP data has a 

greater potential to identify the school building as shown by its higher percentage with an 

error of less than 30 m.  In the Virginia Study Area, approximately 90% of the points 

were within 150 m, but at least twice as high a percentage of points farther than 150 m 

from the results in the Denver Study Area. 

One additional assessment was undertaken in order to evaluate the accuracy of 

OSM versus OSMCP.  In this final evaluation, the spatial error for matches from ORNL-

OSM and ORNL-OSMCP datasets in the Denver Study Area were compared to each 
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other to determine which test dataset (OSM or OSMCP) is closer to the reference dataset 

more often.  Not all ORNL schools were found by both OSM and OSMCP contributors.  

Of the 402 ORNL schools, there were 281 schools which were matched by both OSMCP 

and OSM.  A simple approach to determining relative accuracy is to subtract the OSM to 

ORNL distance from the OSMCP to ORNL distance for each of the schools that had a 

match.  Using this method, a negative value would indicate that the OSM location is 

closer to the ORNL location than the OSMCP location.  Table 9 presents the first eight 

schools as an example of how the comparison of distance differences for matching 

schools between ORNL-OSM (A) and ORNL-OSMCP (B) was executed. 

 

 
Table 9  Data Sampling of Distance Differences for Matched Schools. 

Feature 

Count 
School Name 

ORNL-

OSM  

ORNL-

OSMCP  
(A - B) 

Distance 

(A) 

Distance 

(B) 

1 ALAMEDA HIGH SCHOOL 105 35 70 

2 
ALICE TERRY ELEMENTARY 

SCHOOL 
22 7 15 

3 ALL SOULS SCHOOL 16 42 -26 

4 
ALLENDALE ELEMENTARY 

SCHOOL 
46 41 5 

5 
ALSUP ELEMENTARY 

SCHOOL 
17 43 -26 

6 ANNUNCIATION 2 6 -5 

7 ARVADA HIGH SCHOOL 36 55 -19 

8 ARVADA MIDDLE SCHOOL 115 98 17 
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The summary results of the sample analysis presented above for all 281 schools in 

the Denver Study Area are located in Table 10.  Of the 281 matched schools, OSMCP 

schools were closer for 58% of the schools; however, OSMCP also has the largest 

difference (224 m).  Interestingly, OSMCP and OSM mean distances and standard 

deviations were almost identical, and the OSM data had a slightly higher median error for 

the matched schools.  Since there was only one comparative data set in the Virginia Study 

Area, this analysis was not repeated for this dataset. 

 

 
Table 10  Accuracy Comparison for Matched Schools for the Denver Study Area. 

Dataset 

Closer 
Count Percent Minimum Maximum Mean 

St. 

Deviation 
Median 

OSMCP 164 58.4% 2 224 23 32.3 26.2 

OSM  117 41.6% 2 159 45 32.1 28.8 

 

 

5.4 Statistical Analysis 
The analytical results presented above provide a framework for understanding the 

accuracy and completeness quality aspects of VGI data.  The second aspect of this 

research extends the statistical analysis of accuracy and completeness (matched vs 

unmatched features) by spatially joining demographic properties from census tracts as 

attribution elements to the point features located within with the census tracts in order to 

determine the statistical significance, both non-spatial and spatial, of the correlation 

between local error and the demographic properties presented in Table 1.   

5.4.1 Error Distribution 
The statistical distribution of the error can be analyzed using histograms in an 

effort to determine whether accuracy errors or completeness errors are generated in tracts 
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that fit specific profiles.  Figure 4 illustrates the concept using a sample of the histogram 

comparison of accuracy errors between ORNL-OSM datasets for Percent Population 

Density from the Virginia and Denver Study Areas, respectively.  Two columns are 

located within each of the five bins representing the natural (Jenks) breaks as discussed 

previously.  The two columns represent the percent of the ORNL-OSM accuracy errors; 

the left column from the Virginia Study Area, and the right column from the Denver 

Study Area.  The difference between the two columns within each respective bin 

represents the difference in the accuracy results across the Study Areas within the same 

demographic property range.  When the differences between the two columns are 

minimal, the two datasets are similarly distributed within the respective bin.  Conversely, 

large differences in values between the Study Areas for the same bin suggest a different 

dynamic for the demographic characteristic across the Study Areas.   

Review of Figure 4 indicates both Study Areas suggest a generally similar trend 

in the data, lower percentages of error in the first and last bins and higher in the 2
nd

 and 

3
rd,

, with the Virginia data slightly skewed and the Denver data closer to a normal 

distribution curve.  Figure 5 presents the same analysis, although the histogram displays 

completeness errors for Percent Hispanics.  The Virginia Study Area has higher errors in 

the first two bins and decreasing percentages from bins 3 through 5, and a linear 

regression correlation of 0.90.  In the Denver data, an opposite trend is noted, with the 

percent error increasing from the first to fifth bins, but with a slightly weaker linear 

regression correlation of 0.80.  These results suggest a difference in population dynamics 

between the Study Areas. 
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Figure 4  Study Area Comparison of Error for Percent Population Density 

 

 

Figure 5  Study Area Comparison of Error for Percent Hispanic 
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Care must be taken in using Total Population as a measure of demographic 

properties, since as noted previously the Census Bureau derives the tract boundaries 

based on population, an approach which allows individual tract areas to vary 

significantly.  Therefore, Population Density would be a better representative for 

population.  The inconsistent performance between ORNL-OSM comparisons for 

matched and unmatched features in both the Denver and Virginia Study Areas and 

ORNL-OSCMP comparison in the Denver Study Area suggests that the spatial error is 

too complex to be described by simple population characteristics alone.  The results 

discussed below suggest a more complex dynamic must be considered to adequately 

define relationships between the quality characteristics of completeness and accuracy and 

demographic properties. 

Median Household Income, Percent with BA Degree, and Percent American 

Indian each exhibited the same alternating pattern as was observed for the population 

measures indicating that they too exhibit complicated relationships.  Indicators, such as 

Median Home Value, Percent White, and Percent Asian show a pattern indicating the 

OSM contributors tended to include a higher percentage of records in these outer bins, 

while in the Denver Study Area, OSMCP contributors tended to collect more in the 

central bins.  This difference in the Denver Study Area suggests that OSM contributors 

tended to favor contributing data in areas with particularly high or low Home Values, 

Percent White, and Percent Asian. 

Additionally, in the Denver Study Area, indicators of Median Age, Percent 

Female, Percent with HS Diploma, and Percent White - Not Hispanic show a pattern 
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suggesting that OSMCP contributors tended to have a higher percentage of records in the 

lower bins while OSM contributors tended to have a higher percentage of records in the 

higher bins.  This would seem to indicate that OSM contributors appear to miss a 

disproportionate percentage or records in areas with lower concentrations of these 

demographic properties. Percent Male, Percent Below Poverty Line, Percent of Homes 

Receiving Food Stamps, Percent without HS Diploma and Percent Hispanic show a 

pattern which would indicate that OSM contributors collected a smaller percentage of 

their values in the areas with higher percentages of these demographic properties.  In 

other words, the results suggest that in this case OSM contributors tended to miss more of 

the schools in areas with these demographic characteristics than did OSMCP 

contributors.   

Some of the differences between the OSM and OSMCP comparative results may 

be indicative of the rigor within the USGS Pilot Project itself, including source provision 

and Quality Assurance/Quality Control steps.  The lack of a similar comparative dataset 

in the Virginia Study Area precluded this type of assessment in that area.  However, 

within the ORNL-OSM comparative data across the Study Areas, error trends noted in 

Denver were not consistently repeated in Virginia, with the results presented in Figure 

4(b) being a non-typical example of the differences between the two Study Areas. 

5.4.2 Principal Component Analysis (PCA) 
401 and 370 features (e.g. schools) in the Denver and Virginia Study Areas 

respectively both matched and unmatched, were assessed using the PCA methods 

described in section 3.5.2.  The results of the PCA identified five factors from the 
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eighteen input properties as able to describe approximately 75% of the variance in the 

Denver Study Area and five factors were able to describe just over 78% of the variance in 

the Virginia Study Area.  The analysis indicated that all of the eighteen properties 

provided information to the analysis results, therefore none could be excluded.   

In both Study Areas the rotated component matrix was computed using Varimax 

(Abdi and Williams 2010) and the members of each component were evaluated in an 

effort to understand the relationships between the demographic properties.  In the Denver 

Study Area, the first factor included eleven of the eighteen demographic properties from 

across the four demographic categories identified in Table 1 correlated with accuracy.  

The other four factors identified as a result of the PCA analysis in the Denver Study Area 

included fewer demographic properties; however, the groupings of the components for 

each of the factors crossed the demographic categories presented in Table 1.  In the 

Virginia Study Area, the first factor included fourteen of the eighteen demographic 

properties from across the four demographic categories identified in Table 1 correlated 

with accuracy.  The results of the PCA analysis for both Study Areas indicated the 

groupings of the components in each of the identified factors crossed the demographic 

categories presented in Table 1, suggesting that correlations are not restricted to within 

specific demographic characteristics such as education, economic status, race/ethnicity, 

or general population characteristics.  Table 11 presents a summary of the accuracy to 

demographic property correlation results.  
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Table 11  Study Areas Accuracy Correlation Results 

 
 

 

In summary, review of the results of the PCA suggests no significant coincidence 

of accuracy errors with specific demographic categories (Population, Economic Status, 

Education, Race/Ethnicity) which indicates that the properties within each of the 

categories are not closely correlated with accuracy.  However, while none of the 

demographic properties were statistically significant with respect to accuracy, the results 

presented in Table 11 suggest that population dynamics with respect to accuracy are 

different across the two study areas.  Examining the table indicates demographic 

properties displaying a positive or negative correlation with accuracy (positive correlation 

indicates that as the accuracy error values increase so does the demographic property 

Demographic Property Denver Fairfax County

PercentTotal Population 0.050 -0.031

Percent Population Density 0.074 0.026

Percent Median Age -0.127 0.025

Percent Males 0.046 -0.031

Percent Females -0.046 -0.030

Percent Median Household Income -0.044 0.006

Percent Median Home Value -0.094 0.046

Percent Households on Food Stamps 0.084 -0.015

Percent Houeholds Below Poverty Line 0.123 -0.006

Percent without HS Diploma 0.181 -0.020

Percent with HS Diploma -0.181 0.086

Percent College Graduate (BA or Better) -0.096 0.050

Percent Whites -0.173 -0.033

Percent Whites (Not Hispanic) -0.166 0.018

Percent African American 0.065 -0.024

Percent American Indian 0.052 -0.038

Percent Asian 0.037 0.008

Percent Hispanic (Any Race) 0.145 -0.016
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value, negative values indicate an inverse correlation).  Only four of the 18 properties 

considered in both Study Areas (Percent Population Density, Percent Asian, Percent 

Females and Percent White) correlations are consistent in direction of correlation.  

Percent Population Density and Percent Asian are positively correlated in both Study 

Areas while Percent Females and Percent White are negatively correlated with accuracy 

in both Study Areas.  The remaining 14 demographic properties display an opposite 

correlation between the Study Areas.  Percent Median Age, Percent Household Median 

Income, Percent Median Home Value, Percent with HS Diploma, Percent College 

Graduate, and Percent White (Not Hispanic) are negatively correlated with accuracy in 

the Denver Study Area and positively correlated with accuracy in the Virginia Study 

Area.  Conversely, Percent Total Population, Percent Males, Percent Households on Food 

Stamps, Percent Households Below Poverty Line, Percent African American, Percent 

American Indian, and Percent Hispanic are positively correlated with accuracy in the 

Denver Study Area and negatively correlated with accuracy in the Virginia Study Area. 

As discussed previously, multicolinearities within the demographic properties 

were expected.  Numerous demographic data property correlations and multicolinearities 

were noted.  Including: identified multicolinearities for Females, With HS Diploma, 

Whites, African Americans, Asians, and Hispanics; close correlations between Total 

Population, Males, Females, Without HS Diploma and those with the HS Diploma. In 

addition, as should be expected, there are positive and negative associations with the 

demographics properties.  Higher income and home values are positively correlated with 

the higher education and negatively correlated with lack of HS Diploma and households 
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in poverty or on food stamps. Income and Home values were also closely correlated.  In 

addition a low correlation was observed between accuracy and the demographic property 

associated with the population of Asians across the study area.   

Because of the expected correlations (positive and negative) and 

multicolinearities, individual linear regression analysis of accuracy to each demographic 

property was assessed in addition to running the entire dataset as a multiple regression.  

No correlation was observed between the accuracy dependent variable and any of the 

demographic properties which indicates that these demographics do not factor into the 

location of accuracy error. 

5.4.3 Linear Regression 
Linear Regression analysis used accuracy as the dependent variable and the 

demographic properties as the explanatory variables on the 288 matched features from 

the ORNL-OSM and 357 matched features from the ORNL-OSMCP data set in the 

Denver Study Area as well as the 274 matched features from the ORNL-OSM dataset in 

the Virginia Study Area.  Figure 6 presents the plot of accuracy to standardized residuals 

with the coefficient of determination for all three respective datasets in both Study Areas.  

In the Denver Study Area, both datasets have high correlations 0.9199 and 0.9564 

respectively.  Additionally, the ORNL-OSM Virginia Study Area dataset correlated at 

0.9392, similar to the findings in Denver for ORNL-OSM assessment.  However, outlier 

values can significantly change the correlation coefficients (Wong and Lee 2005).  The 

correlation of the ORNL-OSMCP data is not appreciably affected by outliers; removing 

the largest 20 accuracy values still yields a correlation of 0.9539.  However the 
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correlation between the ORNL-OSM data is sensitive to outliers, particularly in the 

Denver ORNL-OSM.  Excluding the three values associated with the highest accuracy 

for the Denver Study Area drops the correlation to 0.4052, while removing the three 

highest accuracy values drops the correlation down to 0.8635 in the Virginia Study Area.   

 

 

 
Figure 6  Study Area Comparison of Standardized Residual to Accuracy. 

 
 

5.4.4 Discriminant Analysis 
Assessment of completeness with respect to demographic properties yields an 

interesting result, in that within the same dataset, there is a statistically significant 

difference between those features that were successfully matched within the study area 

and those features that were unmatched.  The results were consistent for the ORNL-OSM 
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and ORNL-OSMCP datasets in both Denver and Virginia Study Areas indicating that 

there is a statistical difference between the demographic properties of the matched 

features and those of the unmatched features.  The results of the statistical analysis 

however, failed to show a strong correlation between either the accuracy or the 

completeness error with any of the individual demographic properties. 

5.4.5 Statistical Analysis Summary 
The results of the above analysis methods yielded no statistically significant 

correlation between accuracy and any demographic property.  While the discriminant 

analysis results did indicate a statistically significant difference between the matched and 

unmatched features, there was no specific demographic property was linked to those 

results.  This suggests that the relationship is more intricate than any of the statistical 

methods that were used can describe; however, the discriminant analysis did show that 

matched and unmatched features represent different subsets from the overall dataset.  

These results further suggest that future research is needed to reveal the intricate nature of 

the relationships.   

As statistical analysis could not identify a strong correlation between the error and 

demographics, spatial statistics were also employed as described in the following section 

in an effort to determine if there were existing spatially correlated differences that could 

not be determined with standard statistical approaches. 

5.5 Spatial Distribution 
As the statistical analysis failed to identify a clear correlation between error and 

the demographic properties, spatial statistics were employed in an effort to describe the 
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complexities of the relationship.  The following sections describe the following analyses: 

nearest neighbor, spatial autocorrelation, exploratory regression, local indicators of 

spatial association, and geographically weighted regression. Each of the following 

sections discusses the method and the results obtained. 

5.5.1 Nearest Neighbor 
 

As discussed in Section 3.6.1, Nearest Neighbor analysis is a point-pattern 

analytical technique that considerers individual paired distances between features to 

determine if the features are cluster, random, or dispersed (Burt et al, 2009).  Table 12 

summarizes the results of the Nearest Neighbor analysis for both Study Areas.  Z-Score 

values above 2.576 indicate a 99% chance that the data is not randomly distributed, while  

 

 
Table 12  Matched and Unmatched Z-Scores. 

Study Area Error Element  Z-Score 

Denver  

ORNL-OSM Matched 0.18 

ORNL-OSM Unmatched -2.54 

ORNL-OSM All -3.72 

ORNL-OSMCP Matched -1.72 

ORNL-OSMCP Unmatched -1.99 

ORNL-OSMCP All -3.72 

Virginia  

ORNL-OSM Matched -5.30 

ORNL-OSM Unmatched -3.05 

ORNL-OSM All -6.63 
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values above 2.326 indicate a 98% likelihood the data is not randomly distributed, and 

values above 1.96 indicate a 95% chance the data is not randomly distributed.  When the 

entire datasets were analyzed, the high Z-Scores indicate that the schools are not 

randomly distributed; however, when the data was isolated into matched and unmatched 

records in the Denver Study Area, the matched records were likely random as 

exemplified by the lower Z-Scores while the unmatched records were likely non-random 

but with lower confidence than the entire datasets as exemplified by their Z-Scores.  The 

ORNL-OSM results in the Virginia Study Area were noted to be strongly clustered for 

all, matched, and the unmatched datasets respectively.   

5.5.2 Spatial Autocorrelation 
As discussed in Section 3.6.2, spatial autocorrelation evaluates the nature of a 

single variable value across a study area.  By understanding the association of the 

variable values within those clusters some assessment of the nature of the correlation can 

be made.  Table 13 summarizes the results of these analyses.  As can be seen in Table 13, 

in the Denver Study Area, two of the demographic properties failed to reach the 99% Z-

Score threshold and those properties are: Total Population, and Percent with HS Diploma.   

In the Virginia Study Area, five of the demographic properties failed to reach the 99% Z-

Score threshold, Percent Total Population, Percent Population Density, Percent Males, 

Percent Females and Percent without HS Diploma.  Interestingly, the Percent Total 

Population was the only demographic property common to both Study Areas.  As was 

discussed previously, the fact that these demographic properties in the respective Study 
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Table 13  Study Area Comparison of Spatial Autocorrelation Results. 

Demographic Property 

Z-Score 

Denver Study 

Area 

Virginia 

Study 

Area 

Percent Total Population 2.462 -0.540 

Percent Population Density 23.828 1.612 

Percent Median Age 10.898 4.825 

Percent Male 4.509 -0.707 

Percent Female 3.415 -0.303 

Percent Median Household Income 5.918 4.954 

Percent Median Home Value 16.494 6.805 

Percent Below Poverty Line 16.033 4.201 

Percent of Homes Receiving Food 

Stamps 
16.398 

3.851 

Percent without HS Diploma 21.322 1.048 

Percent with HS Diploma 1.779 3.619 

Percent with BA Degree 23.361 10.445 

Percent White 11.518 3.003 

Percent White - Not Hispanic 22.163 6.071 

Percent African American 26.174 12.762 

Percent American Indian 25.295 3.984 

Percent Asian 12.128 12.122 

Percent Hispanic 32.354 7.114 

NOTE:  Significant results are underlined and bolded. 

 

 

 

Areas are most likely random greatly reduces their utility as a property to be used for 

pattern analysis. 

Initial processing of the ORNL-OSM and ORNL-OSMCP dataset indicated 

several demographic properties presented in Table 1 demonstrated multicolinearity issues 

with the regression analysis in the Denver Study Area.  These included: Percent Female, 

Percent HS Diploma, Percent White and Percent African American.  The exploratory 
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regression results for the Virginia Study Area indicate multicolinearity effects for Total 

Population, Males, Females, Percent White, Percent African American, Percent Asian; 

and Percent Hispanic demographic properties.  These attributes were removed from 

further analysis and the exploratory regression was run again.  

Since the accuracy of the ORNL-OSM and ORNL-OSMCP data were shown to 

have a non-random distribution in the nearest neighbor analysis described above, the 

spatial autocorrelation of the error distance was also computed.  Table 13 provides the 

results of these analyses. The low Z-Scores for both datasets indicate that the accuracy is 

randomly distributed throughout the study area. These analyses show that sixteen of the 

demographic properties are non-randomly distributed and, therefore, useful for pattern 

analysis. The analyses also show that the completeness data is not randomly distributed 

and that the accuracy data for OSMCP is not randomly distributed.  If all of the data had 

been randomly spatially distributed, then spatial patterns could not have been analyzed. 

Results of the exploratory regression for accuracy data for both the ORNL-OSM 

(Denver and Virginia Study Areas) and ORNL-OSMCP (Denver Study Area) datasets 

respectively was consistent with the results of the spatial autocorrelation reported above 

and yielded no successful model of demographic properties to explain accuracy 

distribution.  Similarly, results of the exploratory regression for completeness, using 

presence (1) and absence (0) as the determinant values conducted for both the ORNL-

OSM and ORNL-OSMCP datasets respectively.  The results were consistent with the 

matched results and that of the spatial autocorrelation reported above, yielding no 

successful model of demographic properties to explain accuracy distribution.  
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5.5.4 Local Indicators of Spatial Association (LISA) 
As was previously shown, the spatial autocorrelation for both the ORNL-OSM and 

ORNL-OSMCP datasets yielded low Z-Scores, indicating that the accuracy values were 

randomly distributed across the study area.  LISA (Anselin 1995) was conducted on the 

ORNL-OSM data in both Study Areas respectively and ORNL-OSMCP data in the 

Denver Study area an effort to determine whether any local clustering existed. The results 

of the LISA analysis for the two datasets are shown in Figure 7 for the Denver Study 

Area and Figure 8 for the Virginia Study Area where the LISA analysis is overlaid with 

population density.  In Figure 7, the darker red circles are classified as High-High which 

means these locations had high Moran’s I values and their neighbors did as well.  Dark 

blue circles are Low-Low indicating that these locations had low Moran’s I values and 

their neighbors did as well.  The lighter red and blue circles are locations where the 

values were mixed, high and low indication the presence of an outlier.  The white circles, 

which include 356 of the 401 records (89%), are locations where there was not 

significance to the values within the LISA.  The ORNL-OSM data had a Low-Low 

cluster located towards the southeast of the study area, although this does not appear to 

correlate with the population density values.   

In Figure 8, the darker circles are classified as High-High which means these 

locations had high Moran’s I values and their neighbors did as well.  Dark blue circles are 

Low-Low indicating that these locations had low Moran’s I values and their neighbors 

did as well.  The lighter orange and white circles are locations where the values were 

mixed, high and low indication the presence of an outlier.  The gray circles, which  
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Figure 7  Local Indicators of Spatial Association (LISA)  Dnever Study Area 
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Figure 8  Local Indicators of Spatial Association (LISA) Virginia Study Area 
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include 341 of the 370 records (92%), are locations where there was not significance to 

the values within the LISA.  The ORNL-OSM data in Virginia indicates two High-High 

clusters located predominately in the west central part of the county although this does 

not appear to correlate with the population density values. 

The ORNL-OSMCP data in the Denver Study Area presents a Low-Low cluster 

to the north of the center of the study area and one further north than that.  In each case, 

the insignificant records greatly outnumber the others and are interspersed within them 

indicating some local clustering exists within the study area. 

5.5.5 Geographically Weighted Regression 
As was previously shown, the spatial autocorrelation for both the ORNL-OSM 

and ORNL-OSMCP datasets yielded low Z-Scores, indicating that the accuracy values 

were randomly distributed across the study area.  Ordinary Least-Squares (OLS) 

regression was conducted on the ORNL-OSM and ORNL-OSMCP in the Denver Study 

Area and on the ORNL-OSM data in the Virginia Study area in an effort to determine 

whether any local clustering exists and as a precursor to the GWR analysis since the OLS 

tools provide some indicators of the effectiveness of the model.  
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6 CONCLUSIONS AND FUTURE WORK 

As VGI is gaining popularity it leads to the generation of large volumes of 

geospatial data that can potentially complement and enhance traditional “authoritative” 

data sources.  To enable tapping into this potential, we need a better understanding of the 

quality of VGI contributions, in particular their accuracy and completeness.  This is even 

more important now, as VGI data collection is increasingly involving volunteers with 

little or no geographic training, who are producing geographical data.  Consequently, 

there is a need to further study the quality characteristics of VGI.  

The ability of citizens without formal training to produce geographical products 

for mass consumption using continually advancing tools and technologies is introducing 

well-known opportunities, but also presents a substantial challenge when we want to 

integrate such data with authoritative datasets.  This integration is impeded by the lack of 

an understanding of the accuracy of VGI datasets, and potential patterns behind the 

variations of such accuracy.  The study presented within this thesis has explored the 

relationship between demographics and VGI quality, focusing on the locality of both. 

Specifically we contrasted local accuracy data with local demographics.  We conducted a 

quantitative study to address this issue, and its results how no statistically significant 

association between VGI error with and local demographic properties.  
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The research presented in this research represents an initial assessment into 

understanding volunteered geographical data.  A natural future extension of this work 

would be to consider additional areal feature types (e.g. hospitals, fire and police 

stations).  Also, in the present study, natural break-points were used within each 

demographic element.  During the study, other breakpoints were tried with no significant 

differences in results.  Another potential future direction would be to consider whether 

natural break points should be used between or across Census tracts or even whether 

break-points be should developed considering the demographic makeup of the larger 

portions of the study area.   

This research extends the current state of knowledge on this topic by focusing on 

completeness and accuracy of point features within VGI data, an area that previously has 

not been studied.  This complements prior studies which assessed the accuracy of linear 

features in VGI, to improve our overall understanding of relevant quality issues.  This 

analysis demonstrated that simple count comparisons between two point datasets are 

insufficient for characterizing the differences between these two datasets, as they fail to 

recognize the presence of omission and commission errors.  As a result, a more robust 

analysis is required, in order to identify and categorize discrepancies among two (or 

more) datasets.  The analysis compared two VGI test datasets (OSM and OSMCP) in the 

Denver Study Area and one VGI test dataset in the Virginia Study area against a national 

scale reference dataset and analyzed their differences.  The differences between the pure 

VGI (OSM) and the hybrid variant of VGI (OSMCP) whereby a government agency is 

providing quality control feedback to the volunteers, was assessed for that quality control 
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impact on the overall accuracy of the VGI product.  The observations of results indicate 

that the added rigor appears to improve both the completeness and accuracy as compared 

to the OSM data.  

The analysis of completeness showed that the OSMCP data captures close to 90% 

of the records in the reference ORNL database, while the OSM data captured 

approximately just over 70% of these records in the Denver Study Areas.  The lower 

completeness result observed within the OSM data can be attributed to two factors: the 

OSM data does not include address information, and the collection methods employed for 

the OSM data do not include the formal quality control processes implemented within the 

collection methods for OSMCP.  Lastly, 70 more OSMCP schools (357) matched the 

reference dataset than did OSM schools (287). 

Similar trends were identified with respect to positional accuracy, which reflects 

the spatial error between the locations of the two datasets, with OSMCP data appearing to 

be more accurate than OSM.  Both OSM and OSMCP were within 150 meters of the 

reference dataset 96% of the time; however, OSMCP was within 30 meters more often 

(46% of the time) than OSM (31%).  Overall, 59% of the time OSMCP schools were 

closer to their ORNL reference entries, compared to their OSM counterparts.  In addition 

to providing an estimate for the accuracy and completeness, these results also suggest that 

OSMCP outperforms OSM. 

The results of the research suggests that despite minor differences between the 

Denver and Virginia Study Areas, in some cases due to differences in the reference 

dataset, OSM data accuracy and completeness was consistent in accuracy and  



104 

 

completeness.  The utility of OSM as an alternative data source or as a potential to 

augment reference data sources is not without risks however.  Given the findings of this 

research, one could argue that another logical next step would be to study the process 

characteristics (rather than its spatial and demographic parameters) and their relation to 

data quality, because the process may be more complex than can be described by work 

done so far.  Understanding who and why contributes VGI data still remains an open 

research question.  As Steinmann et al. (2013) noted, a small percentage of contributors 

are responsible for the majority of mapping.  Determining which ‘small percent’ of the 

local population is actually contributing poses a challenge to future research relating 

demographics of place with VGI contribution quality.   

As VGI is evolving, both in terms of participation and scope, a better 

understanding of its quality, the parameters that affect it, and the practices used to 

produce it will help enhance the utility of its products for geospatial analysis.  Based on 

this initial work, several areas of future work need to be explored.  Unconstrained (and 

untrained) contributors do not always share a common understanding of the definition of 

“what” a feature is or “where” it should be located and the effect of the vagueness on data 

quality is not understood.  The result of the vagueness can be degradation in the utility of 

VGI for decision making; however, these effects have not been studied.  Lastly, there is a 

need to improve methods for evaluation of data that is currently labeled as “authoritative” 

because, as this research has demonstrated, these datasets are not without error. 

This research has addressed a topic which so far has only received cursory study 

in geographic research community.  This work extends the understanding into these 
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topics by explaining a method for comparing two sets of point features.  In particular, this 

research demonstrated how this method can be used to compare reference and VGI (test) 

data sources, which is an important step in understanding the quality of VGI in relation to 

other data sources.   
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