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ABSTRACT

A large amount of crowd-sourced geospatial data have been created in recent years due to the interac-
tivity of Web 2.0 and the availability of Global Positioning System (GPS). This geo-information is typi-
cally referred to as volunteered geographic information (VGI). OpenStreetMap (OSM) is a popular VGI 
platform that allows users to create or edit maps using GPS-enabled devices or aerial imageries. The 
issue of quality of geo-information generated by OSM has become a trending research topic because of 
the large size of the dataset and the inapplicability of Linus’ Law in a geospatial context. This chapter 
systematically reviews the quality evaluation process of OSM, and demonstrates a case study of London, 
Canada for the assessment of completeness, positional accuracy and attribute accuracy. The findings of 
the quality evaluation can potentially serve as a guide of cartographic product selection and provide a 
better understanding of the development of OSM quality over geographic space and time.

INTRODUCTION

Although a large amount of geospatial data and wide range of applications have made GIS very popular, 
the users are often unaware of the data quality. New elements were added to the discussion of geospa-
tial data quality in the 21st century through the development of Web 2.0 and the availability of Global 
Positioning System (GPS). The interactivity of the new web technology helped create a large amount of 
user-generated content (UGC). UGC with location information is referred to as user-generated geospatial 
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content (Coleman, Georgiadou, & Labonte, 2009), crowd-sourced geodata (Barron, Neis, & Zipf, 2014) 
or volunteered geographic information (VGI) (Goodchild, 2007). More specifically, using location-based 
services (LBS), GPS-enabled devices and/or satellite images, VGI users actively upload and share data 
following an opt-in provision, and VGI can be direct or indirect depending on whether users have local 
knowledge (Haklay, 2013). The activities of contributing VGI have been termed in different ways as 
well, including collaborative mapping (Jokar Arsanjani & Vaz, 2015), participatory GIS (Elwood, 2006) 
and public participation GIS (PPGIS) (Lin, 2013).

Researchers are interested in VGI because of its values. The conventional apprehension about com-
mercial or governmental cartographical products is authoritative, comprehensive and accurate. However, 
Coleman (2013) and Dobson (2013) concluded that these databases are often out-of-date, incomplete, of 
inconsistent quality, and costly to maintain. Therefore, VGI is studied as a crowd-sourced alternative to 
“authoritative” datasets. OpenStreetMap (OSM) is one of the VGI applications that allow users to cre-
ate and edit maps using satellite images. As of July 2016, the total number of registered users on OSM 
has passed 2.8 million, creating more than 3.4 billion nodes (data points) accumulatively (“OSMstats 
- Statistics of the free wiki world map,” 2016). This chapter systematically summarizes the quality 
evaluation process of OSM through literature review and a case study in London, Canada, with focuses 
on the comparisons of different assessment methods and findings.

BACKGROUND

The term volunteered geographic information (VGI) was suggested by Goodchild (2007) to represent 
geospatial data contributed by individuals voluntarily. Since VGI is often the most cost-effective solution, 
the crowd-sourced geodata have been applied in many fields such as participatory planning and spatial 
decision making. Moreover, VGI is the only source of geodata in some regions because of security or 
financial concerns. The area of humanitarian relief and crisis management is the most prominent ap-
plication of VGI. Ushahidi and the Humanitarian OpenStreetMap Team (HOT) are two platforms that 
have had strong presence on disaster management since 2008 and 2009 respectively. Table 1 compares 
some VGI applications with OSM. Although OSM is not the project with the longest history, it is the 

Table 1. Comparison of volunteered geographic information (VGI) applications

Attributes OpenStreet 
Map Wikimapia Waze Moovit GasBuddy

Founding year 2004 2006 2008 2012 2000

Specialization Mapping Mapping Navigation Public transit Fuel prices

Number of users or registered 
members (in million) 2.8 (in 2016) 1.9 (in 2013) 50 (in 2013) 20 (in 2014) 35 (n.d.)

Coverage in 2016 World World World 600+ cities United States and Canada

License ODbL CC BY-SA Proprietary Proprietary Proprietary

Data downloadable Yes Yes No No No

Note. ODbL, Open Data Commons Open Database License; CC BY-SA, Creative Commons license Attribution-ShareAlike; data for 
OpenStreetMap from “OSMstats - Statistics of the free wiki world map” (2016), for Wikimapia from Neis & Zielstra (2014), for Waze from 
CBC News (2013), for Moovit from “Moovit Company Overview” (2014), and for GasBuddy from “Advertise with us - Gasbuddy Gas 
Prices” (n.d.).
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oldest mapping project in which the geo-information can be applied in more than one field. The number 
of “registered members” of OSM is relatively small comparing to other specialized applications, but the 
number of “users” could be a bloated figure and does not represent “active contributors”. Jokar Arsan-
jani and Bakillah (2014), Mooney and Corcoran (2012a) and Yang, Fan, and Jing (2016) provide more 
insights into the OSM contribution patterns and user behavior. Like Wikimapia and Waze, OSM has 
a worldwide coverage. The difference is that OSM allows users to freely alter and redistribute its data, 
which is accessible through multiple servers in different formats. In contrast, Wikimapia only offers 
its data by a web application programming interface (API) (Neis & Zielstra, 2014), and Waze does not 
release data from its platform. Therefore, OSM was chosen to be the focus of this chapter. The following 
subsections starts with the discussion of quality concerns in VGI, introduces OSM in details and ends 
with a list of the spatial data quality metrics.

Quality Issues of Volunteered Geographic Information (VGI)

Community-based systems, like the review system on Amazon or Airbnb, could be useful to evaluate the 
relative and latent value of VGI (Feick & Roche, 2013). Data quality assessment is a more explicit way 
of determining the value of VGI. Quality issues of VGI are typically centered around inconsistency in 
terms of coverage and accuracy. For instance, remote areas are usually under-mapped (Coleman, 2013). 
If volunteers are unfamiliar with the remote areas they map, accuracy might be sacrificed because of 
volunteers’ deficiency of local knowledge (Dobson, 2013). In addition to geometrical objects, VGI’s 
metadata is also incomprehensive and inaccurate (Hashemi & Ali Abbaspour, 2015), which creates dif-
ficulties for researchers to verify the semantic accuracy of VGI. The demographic composition of VGI 
contributors has some patterns as well; for example, Haklay (2013) suggested that VGI contributors were 
mainly male with high income, and Neis and Zipf (2012) found that 72% of OSM users was located in 
Europe. It is still unclear how this composition influenced VGI quality. Although the International Or-
ganization for Standardization (ISO) has published quality principles for geographic information (ISO, 
2002), a new quality assurance schema specifically tailored for VGI is needed because of the limitations 
mentioned above (Van Exel, Dias, & Fruijtier, 2010).

The simplified expression of Linus’ Law – “Given enough eyeballs, all bugs are shallow” (Raymond 
2001, p. 13) – is often quoted as an underlying theory for discussing the issues of data quality (e.g., Haklay 
et al. 2010; Miller and Goodchild 2015; Goodchild and Li 2012; Goodchild 2013). However, Linus’ Law 
may not work well in a spatial context (Elwood, Goodchild, & Sui, 2013), and this quotation often misleads 
readers to conclude that most quality issues will be solved if there are enough testers. The full expres-
sion of Linus’ Law is that “Given a large enough beta tester and co developer base, almost every problem 
will be characterized quickly and the fix obvious to someone” (Raymond 2001, p. 13). This expression 
specifies that the “eyeballs” must include those from co-developers, who are professionally trained to 
debug the Linux operating system in the context of the Raymond’s article. However, VGI contributors 
are mainly citizen scientists but not professional cartographers. Moreover, the software “bugs” can be 
identified during the process of using the software. However, errors on maps cannot be recognized or 
avoided if map scale is too small, contributors do not have local knowledge, or accuracy is sufficient for 
certain map applications (i.e., navigation requires less accuracy than road constructions). Furthermore, 
the contribution pattern of VGI users signifies the necessity of spatial redundancy (Dobson, 2013). For 
example, 38% of registered OSM members edited at least once, and only 5% of all actively contributed 
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to the project (Neis & Zipf, 2012). Spatial heterogeneity also prevents the existence of consistent spatial 
errors across the globe that may be corrected all at once. Thus, Linus’ Law does not apply to VGI, which 
means a large number of volunteers may not be enough to ensure the quality of VGI.

OpenStreetMap (OSM)

OSM is a crowdsourced online mapping platform, which aims to provide free and editable digital 
mapping products under a new copyright license (Haklay & Weber, 2008). Since its initiation in 2004, 
OSM has been applied in routing and navigation, cartography improvement, Location Based Services 
(LBS), and 3D city models (Jokar Arsanjani, Zipf, Mooney, & Helbich, 2015). In 2014, high densities 
of OSM nodes were found in North America, Europe, Russia, Australia and Brazil, while Africa and 
Greenland were least mapped (Jokar Arsanjani, Zipf, et al., 2015). According to Jokar Arsanjani, Zipf, 
et al. (2015), Mooney & Corcoran (2014), Neis & Zielstra (2014), Stein, Kremer, & Schlieder (2015) 
and Vandecasteele & Devillers (2015), OSM can be described by the following key features:

• Near Real-Time Updates: Unlike Google Map Maker, which has a review system for submitted 
edits, OSM publishes modifications just “a few minutes” after contributors save changes;

• Data Import From Multiple Sources: OSM supports data generated from Global Positioning 
System (GPS), smartphones, and other mapping hardware. In the early years of the project, GPS-
enabled devices were the most popular data generators. This situation was changed because 
Yahoo! (from 2007 to 2011) and Microsoft Bing (since 2010) agreed to provide their aerial imag-
eries for OSM enthusiasts to trace data. Some countries such as the United States and Canada also 
had volunteers to import authoritative datasets into OSM;

• Data Export in Multiple Formats: OSM data can be downloaded at different scale (e.g., conti-
nental, regional or metro) in different formats (e.g., OSM Extensible Markup Language (XML), 
Protocol Buffer Binary Format (PBF) or shape file) from several servers (e.g., Planet OSM, 
Geofabrik or Mapzen);

• Different Flavours of Editors: The web-based iD editor has a simple user interface for beginners 
to immerse into geodata contributions. Besides, Potlatch or JOSM (Java OpenStreetMap Editor) 
are favoured by advanced mappers. Other editors are available across operating systems and plat-
forms as well;

• Full Edit History: OSM keeps all historical edits in its full history dump site (“Index of /planet/
full-history,” 2016), but only the latest object versions in other forms of extracts;

• Three Different Object Types: A “node” represents a point, while a “way” consists of lines or 
polygons (closed line features). A “relation” connects related nodes and ways with each other;

• Tags as Metadata: Attributes of objects are expressed as “key = value” pairs;
• Spatial Heterogeneity: Patterns of contributions differ from one place to another;
• Manifold Collaboration Channels: The official OSM wiki provides the knowledge base of the 

project. Other communication methods include Internet relay chats (IRCs) (“IRC - OpenStreetMap 
Wiki,” 2015) and mailing lists (“Mailing lists - OpenStreetMap Wiki,” 2016). Community events 
such as “mapping parties” are organized both online and offline, with the yearly “State of the 
Map” conference attracting most attendees.
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Spatial Data Quality

Spatial data quality can be evaluated internally or externally (Jokar Arsanjani, Mooney, Zipf, & Schauss, 
2015). While external quality assesses the fitness of data for a particular purpose, internal quality de-
scribes how well data meet specifications, such as:

• Completeness (C): Measures the comprehensiveness of a dataset. This criterion not only reports 
how much data is missing, but also the amount of data that should be excluded;

• Positional Accuracy (PA): Measures the relative and absolute accuracy of coordinate values;
• Attribute Accuracy (AA): Measures the correctness of attributes associated with geometrical 

shapes, which is also known as thematic accuracy (ISO, 2002);
• Logical Consistency (LC): Measures the internal consistency of a dataset, such as topological 

correctness and relations of objects;
• Semantic Accuracy (SA): Measures whether data objects and their meanings are interpreted 

correctly;
• Temporal Quality (TQ): Measures the validity of changes and the rate of updates in a dataset;
• Lineage (L): Measures the history of a dataset from collection to evolution (Van Oort, 2006).

The focus of this chapter is the internal quality of VGI data. However, it has been recognized that the 
above criteria only assess absolute data quality, while the actual quality is relative to its fitness-of-use 
(Feick & Roche, 2013; Van Oort, 2006).

A REVIEW OF OPENSTREETMAP QUALITY ASSESSMENT

A systematic survey of literature (as of July 2016) found 60 articles relevant to quality evaluation of 
OSM (see Appendix). Four databases were used in this process including Web of Science, Scopus, 
Engineering Village (Geobase) and Proquest (dissertations & theses). 334 articles were found initially 
using keywords “OpenStreetMap AND (quality OR accuracy)” with the option of anywhere except full 
text, and the number of relevant articles went down to 202 after removing duplicates. A full-text review 
of the 202 articles identified 39 articles listed in the Appendix. In addition, 21 relevant articles were 
found based on an examination of the 39 articles’ reference sections. Only studies written in English 
were retained. It is worth to mention that some excluded articles are not totally irrelevant, but they focus 
more on method assessment instead of quality of specific areas (Basiri et al., 2016; Brovelli, Minghini, 
Molinari, & Mooney, 2016; Fan, Yang, Zipf, & Rousell, 2015; Graser, Straub, & Dragaschnig, 2014; 
Gröchenig, Brunauer, & Rehrl, 2014; Jokar Arsanjani, Mooney, Helbich, & Zipf, 2015; Zhang & Ai, 
2015). In Table 10 of the Appendix, time represents the actual time the OSM data was downloaded, 
which is more accurate than the year of publication. Only years were recorded because of various time 
precision. Data were retrieved from 2007 to 2014, indicating the discussion of OSM quality assessment 
started around 2007 and continued as a trending topic until recent times. A limited number of studies 
were implemented using national data, signifying current exploration stage of OSM quality analysis. 
Most studies had European regions as their study areas, which was not surprising considering the mas-
sive number of European OSM users. Furthermore, most studies used a reference dataset to evaluate 
the extrinsic quality of OSM data, which include a mix of governmental and commercial databases. For 
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articles that do not have a reference dataset, some constructed frameworks, some analyzed user behavior 
or data trust, and the rest studied intrinsic quality using data history.

The frequency of examined data quality criteria is shown in Figure 1. Data completeness dominates 
the quality analysis of OSM, with positional accuracy and attribute accuracy the second and the third 
most popular criterion. The common evaluation methods of all criteria are explained in the following 
paragraphs.

Generally, there are two types of methods to measure data completeness: unit-based and object-based 
(Table 2). The concept behind unit-based methods is to compare total length, area, or number of objects 
in OSM with those in a reference dataset. Many studies have used this method because of its easiness of 
implementation. Hochmair et al. (2015) specially considered street network density and visually compared 
bike lanes with Google street view to avoid potential mistakes. On the other hand, (automated) feature 
matching is involved in object-based methods using attributes or geometric properties. For example, 
street segments have orientation and length, and building footprints can be matched by their centroids 
or overlap ratio between OSM data and a reference. It is worth to mention that the completeness of land 
use may be calculated without a reference, since a 100% result means everywhere is covered by a land 
use feature (Jokar Arsanjani, Mooney, Zipf, et al., 2015).

The methods of measuring positional accuracy are categorized by data types (Table 3). A common 
method for points of interest is Euclidean distance, while buffer analysis is popular for line segments. A 
buffer of width “x” is created around a road segment from an authoritative dataset, and the percentage 
of the corresponding OSM road segment that falls within the buffer is calculated (Goodchild & Hunter, 
1997). The buffer size differs from one study to another, indicating that there is no theory behind this 
method, and empirical analysis is the key to determine the buffer size. In terms of polygon features, 
centroids, corner points and surface are considered for distance measurements.

The methods of measuring attribute accuracy have four types of usages (Table 4). First, presence of 
OSM tags (e.g., oneway flags of street segments) can be looked up through examining each geometric 
object. Second, similarities of strings can be calculated by different algorithms. For example, the Lev-

Figure 1. Summary statistics of examined data quality criteria in Appendix
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Table 2. Methods of measuring completeness

Types Criteria Examples

Unit-based

Number of objects 
(e.g., attributes, POIs or 
buildings)

Barron, Neis, & Zipf (2014), 
Fan, Zipf, Fu, & Neis (2014), 
Girres & Touya (2010), 
Haklay (2010), 
Hecht, Kunze, & Hahmann (2013), 
Hochmair, Zielstra, & Neis (2015), 
Jackson et al., (2013), 
Jokar Arsanjani, Barron, Bakillah, & Helbich (2013), 
Jokar Arsanjani, Mooney, Zipf, & Schauss (2015), 
Jokar Arsanjani & Vaz (2015), 
Mashhadi, Quattrone, & Capra (2015), 
Neis, Zielstra, & Zipf (2011), 
Zielstra & Zipf (2010)

Total length or area

Density
Hochmair et al. (2015) 

Visual comparison

Object-based

Centroids
Hecht et al. (2013) 

Overlap ratio

Attribute match 
(e.g., name) Jackson et al. (2013), 

Kalantari & La (2015), 
Koukoletsos, Haklay, & Ellul (2012), 
Ludwig, Voss, & Krause-traudes (2011)

Geometric match 
(e.g., distance, orientation, 
length)

Table 3. Methods of measuring positional accuracy

Data Types Methods Examples

Point Euclidean distance

Girres & Touya (2010) 

Amelunxen (2010) 

Jackson et al. (2013) 

Line

Compare actual road conjunction with previous locations Barron, Neis, & Zipf (2014) 

Hausdorff distance
Girres & Touya (2010) 

Average distance (McMaster, 1986)

Buffer analysis 
(Goodchild & Hunter, 1997; Hunter, 1999)

Haklay, (2010), Jokar Arsanjani, Barron, 
Bakillah, & Helbich (2013), Ludwig, Voss, & 
Krause-traudes (2011)

Bidimentional regression 
(Friedman & Kohler, 2003; Tobler, 1994) Helbich, Amelunxen, & Neis (2012) 
G*-statistics (Getis & Ord, 1992)

Polygon

Surface distance (Vauglin, 1997) Girres & Touya (2010) 

Average distance of corresponding (corner) points Fan, Zipf, Fu, & Neis (2014) 

Distance between centroids Kalantari & La (2015) 
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enshtein distance is the number of deletions, insertions, or reversals required to transform one string to 
another. The algorithm was originally developed to tackle the issue of binary information transmission 
(Levenshtein, 1966). The larger the Levenshtein distance, the greater the differences between strings. 
Third, numbers can be subtracted, and the absolute values of the results can reflect the differences 
between them. Finally, thematic accuracy (e.g., for land use accuracy assessment) can be measured by 
confusion matrix and kappa index.

A framework was constructed exclusively for logical consistency (Hashemi & Ali Abbaspour, 2015). 
Spatial scenes – sets of spatial objects with spatial relations – are compared in this framework. Topology, 
distance and direction are some examples of useful spatial relations (Hashemi & Ali Abbaspour, 2015). 
Here, topology is “the study of qualitative properties that are invariant under distortion of geometric 
space” (e.g., the London underground map) (Jiang, 2013, p. 128). For instance, two articles from Appendix 
studied logical consistency of street networks considering topological errors (e.g., connectivity of roads 
and structure of network), turn restrictions and inter-theme consistency (Girres & Touya, 2010; Neis et 
al., 2011). Another two articles examined logical consistency of polygons, both using shape similarity 
ratio in additional to other methods such as turning function distance, number of vertices, mean vertex 
spacing distance, and feature areas (Fan et al., 2014; Kalantari & La, 2015). Although OSM has a dedi-
cated webpage to record known data errors (“Quality assurance - OpenStreetMap Wiki,” 2016), Girres & 
Touya (2010) mentioned that integrity constraints are not enforced to ensure logical consistency in OSM.

Methods of other data quality criteria are summarized below. Only four out of the 60 articles analyzed 
semantic accuracy, and two of them compared attributes for the assessment (Girres & Touya, 2010; Jokar 
Arsanjani, Barron, et al., 2013). Fan et al. (2014) did something special to identify the n:m relations of 
building footprints between OSM data and a reference dataset. Temporal quality was generally evalu-
ated as a spatial-temporal analysis with the rate and accuracy of changes over time. Level of Details 
(LOD) assessment can be divided into five schemas including conceptual schema, geometric resolution, 
semantic resolution, geometric precision and granularity (the size of the minimal features) (Touya & 
Reimer, 2015). Finally, a number of collected studies analyzed relations between user behaviors or data 
trust to user information and/or edit history.

Mixed results were found across different locations, times, data types and criteria. Some urban areas 
with high population density had similar or even better quality than some reference datasets. However, 
rural areas received less attentions and had scarce coverage. Overall, the findings of collected articles 

Table 4. Methods of measuring attribute accuracy

Usages Criteria Examples

Measures attribute 
completeness Tag presence Girres & Touya, (2010), 

Ludwig et al. (2011)

Compares strings (text)

Levenshtein distance 
(Levenshtein, 1966) Girres & Touya (2010) 

Similarity ratio 
(calculated by difflib in Python) Kalantari & La (2015) 

Compares numbers Difference in speed limits Ludwig et al. (2011) 

Measures thematic accuracy
Classification accuracy by confusion matrix Estima & Painho (2013), Jokar Arsanjani, Helbich, 

Bakillah, Hagenauer, & Zipf (2013), Jokar Arsanjani, 
Mooney, et al. (2015), Jokar Arsanjani & Vaz (2015)Kappa index
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follow the two classical geographic theories: Tobler’s (1970) first law of geography – near things are 
more related than others – and the second law of geography – geographic phenomena vary across the 
globe (spatial heterogeneity) (Goodchild, 2009).

CASE STUDY

According to the Appendix, only a small number of articles evaluated quality of Canadian OSM data 
(e.g., Meier, 2015; Tenney, 2014). Although Tenney (2014) performed a national study, the results were 
still preliminary. Thus, there is a need to further evaluate the Canadian OSM quality. The study area here 
is the Census Metropolitan Area (CMA) of London, Ontario, Canada (Figure 2). London is the elev-
enth largest CMA in Canada with more than 474,000 inhabitants, including two cities (London and St. 
Thomas), two municipalities (Thames Centre and Central Elgin) and four townships (Strathroy-Caradoc, 
Middlesex Centre, Southwold and Adelaide-Metcalfe) (Statistics Canada, 2012). The rate of economic 
growth in the region was moderate in recent years because of an improved manufacturing sector and a 
stronger housing market. Two datasets, the source and the reference data, are required for this evaluation 
of OSM accuracy. The source data are the 2016 OSM metro extracts of London, Ontario from Mapzen1 
in the imposm format2. The reference data are the 2015 DMTI road networks from Scholars Geoportal3, 
which has a positional accuracy ranging from 0.6 (urban) to 30 m (rural) (DMTI Spatial Inc., 2015). It 
is therefore hypothesized that urban roads have higher positional accuracy in OSM as well. The 2015 
National Road Network (NRN) data collected by Natural Resources Canada is not chosen as the reference 
dataset because a commercial dataset is preferred when available (Haklay, 2010). The positional accuracy 
of the NRN data is not specified either (only indicated “in meters”) (Natural Resources Canada, 2015).

Methods

The OSM quality, specifically completeness, positional accuracy and attribute accuracy, was assessed 
using the following techniques and ArcGIS tools (Figure 3 and 4). The attributes were first processed 
and matched based on Table 5. Evaluation results were classified according to the new road ranks in 
Table 6. Geometric feature matching was also performed before evaluating the positional and attribute 
accuracy. The unmatched road segments were identified using the “Detect feature changes” tool in 
ArcGIS with a search distance of 30 m (the maximum positional offset of the DMTI data) and removed 
afterwards (Figure 4). The length and density of roads were calculated to analyze the data completeness. 
This unit-based method was chosen because it is easy to implement and has been used in many previous 
studies (Table 2). Next, the buffer analysis was used to assess the positional accuracy (Figure 4). This 
method was validated in the first OSM quality assessment (Haklay, 2010) and other studies (Table 2). 
Using a self-developed python script and the arcpy library, buffers with widths of 1 to 10 m were cre-
ated around the DMTI street networks, and the matched OSM road segments that fell within the buffers 
were clipped for calculating their proportions to the total OSM road length (Figure 5). Finally, the at-
tribute accuracy was evaluated by tag presence, number difference and Levenshtein distance. Tag pres-
ence measured whether an OSM road attribute was present if a DMTI road attribute was provided 
(Figure 4). The absolute difference between two numeric fields were calculated as follows: d x y= − . 
Levenshtein distance (see the review section for definition) of two text fields was computed using a 
dynamic programming python script (Levenshtein, 1966).
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Results and Discussion

Completeness

Figure 6 shows the road lengths by ranks. Many of the ranks have close lengths except rank 0, 5 and 6. 
Visual examination confirmed that most unclassified (rank 0) road segments of OSM are local roads (rank 
5) in suburban areas. Thus, the length difference of rank 5 is actually minimal if the length of rank 0 is 
added. The difference of rank 6 is large enough to influence the total road lengths because of the large 
number of footways in the OSM data. This is also the case of the United States (as of 2012) (Zielstra, 
Hochmair, & Neis, 2013) and Germany (as of 2011) (Neis et al., 2011). If rank 6 is excluded, the differ-
ence is significantly reduced. However, OSM has a longer total length than DMTI with or without rank 
6, which is different from previous studies since the total length of OSM motorways was still shorter 
than reference datasets (Neis et al., 2011; Zielstra et al., 2013). The better data completeness potentially 
benefits from data imports and the increased number of contributors over the years.

The road density of the two datasets is displayed in Figure 7. In general, urban areas especially the 
City of London and the City of St. Thomas have higher road density, which potentially helps to generate 
shorter and better routes in navigation applications (Mondzech & Sester, 2011). The location of dense 

Figure 2. Study area
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areas verifies that areas with denser population tend to have higher contributions (Jokar Arsanjani & 
Bakillah, 2014). The maximum density of DMTI is about 12 m/km2, which is significantly less than the 
30 m/km2 of OSM. The difference is reflected in urban areas where the OSM map has a much darker 
color. The significant disparity of rank 6 should have great influence on the road density as well.

Figure 3. An overview of the methodology 

Figure 4. ArcGIS tools used for the evaluation
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Positional Accuracy

To improve the results of the geometric feature matching, rank 6 is excluded from the following analy-
sis. Figure 8 shows the proportions of OSM road segments that fall within the buffers of DMTI road 
segments with a range from 1 to 10 m. Approximately all ranks of roads have a logarithmic increase of 
their positional accuracy. The average positional offset is 2.3 m, which is significantly better than the 
results in London, UK and England in 2007 (5.8 m) (Haklay, 2010) and 2009 (7.9 m) (Antoniou, 2011). 

Figure 5. Example of the buffer analysis 
(adapted from Goodchild & Hunter, 1997)

Table 5. Matches of attributes

Field Name Field Type Field Description

name Text Full street name

length Number Length of the road segment

rank Number New road classifications

UID Number Unique ID

preDir Text Prefix direction

preType Text Prefix street type

stName Text Street name component

sufType Text Suffix street type

sufDir Text Suffix direction

tunnel Number 1 = tunnel; 0 = not tunnel

bridge Number 1 = bridge; 0 = not bridge

oneway Number 1 = oneway; 0 = two ways; 
-1 = incorrect input

Table 6. Matches of road classifications 

New 
Rank DMTI Road Types OSM Road Types

0 N.A. Unclassified

1 Expressways Motorway Motorway_
Link

2 Primary Highways Trunk Trunk_Link

3 Secondary 
Highways Primary Primary_Link

4 Major Roads Secondary Secondary_
Link

5 Local Roads
Tertiary Tertiary_Link

Residential Service

6

Trails Footway Steps

Proposed Roads
Path Track

Raceway Cycleway
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At buffer size of 1 m, the positional accuracy ranges from 14.9 to 59.6%. The accuracy increases at a 
relatively fast rate until 6 m. After that, the accuracy starts to only increase gently. Over 86% of road 
segments have positional errors within 5 m, which is also better than 73% of road segments in Germany 
in 2009(Ludwig et al., 2011). At buffer size of 10 m, most ranks have over 91% of positional accuracy 
except rank 2 and 3. However, the lengths of roads in these two ranks of exception are relatively short 
(Table 4), which means their results may not be representative. The most accurate rank at the 10-m buf-
fer is rank 0 (local roads in suburban areas).

Figure 6. Classified road lengths in London, Canada

Figure 7. Road density (m/km2) in London, Canada
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Attribute Accuracy

The percentages of attribute accuracy are calculated by road lengths as well. Table 7 lists the proportions 
of presented OSM tags against the available DMTI attributes. The numeric fields are not included since 
all OSM road segments have a rank (rank 0 = unclassified) and the remainders have limited number 
of entries. The presence rates are mostly very high except for sufDir (e.g., N, S, W, E), which probably 
indicates that the suffix directions are not the primary concerns to the OSM users or not well-known 
to the OSM contributors. The presence rate of rank 1 under sufType is extremely low as well, which is 
because a large number of highway segments miss the suffix type “RAMP”. The overall rate of sufType 
is not affected because of the relatively short length of highway. The attribute completeness of London, 
Canada are actually superior comparing to French streets (85% for types and 43% for names) (Girres & 
Touya, 2010) and German streets (82.5% to 94.4% for names) (Ludwig et al., 2011) in 2009.

Table 8 presents the absolute difference of the numeric attributes between the OSM and DMTI data. 
Only 70.6% of the OSM road segments have matched road classifications, which is largely due to the 
unclassified local roads in suburban area (the 21.1% that have a difference of 5). The rest of the fields 
have almost perfect accuracy; however, the results need to be interpreted with caution because of the 
short total length of tunnels, bridges and oneway roads. Still, the nearly 98% of oneway flag accuracy in 
London, Canada is better than the 16% completeness in France in 2009 (Girres & Touya, 2010).

Table 9 lists the Levenshtein distance of the text fields. Overall, the longer the field content, the larger 
the Levenshtein distance. Therefore, preDir and sufDir have excellent accuracy since the length of these 
fields is one letter. Another reason of the nearly perfect accuracy of preDir is due to its small number of 
entries, and so does preType. The accuracy results of stName and sufType are lower than the others, but 

Figure 8. Trends of the OSM positional accuracy in London, Canada
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still above 85%. A Levenshtein distance of 1 to 3 usually represents spelling mistakes (Girres & Touya, 
2010). However, a small portion of stName and sufType have large Levenshtein distance that is greater 
than 3. The large Levenshtein distances do not affect the overall accuracy as the average Levenshtein 
distance of stName is only 0.8, which is significantly smaller than the same variable (4.96) of lake names 
in France in 2009 (Girres & Touya, 2010).

Table 7. Tag presence of the text fields 

OSM Rank Percent OSM Rank Percent

preDir sufType

4 100.0% 0 99.5%

5 91.6% 1 27.9%

Overall 93.2% 2 92.8%

preType 3 79.0%

1 99.7% 4 98.5%

3 94.1% 5 97.2%

Overall 99.5% Overall 96.8%

stName sufDir

0 99.6% 0 0.0%

1 97.7% 1 42.0%

2 100.0% 4 69.3%

3 100.0% 5 46.8%

4 99.5% - -

5 97.4% - -

Overall 98.4% Overall 62.1%

Table 8. Number difference of the numeric fields 

Difference Percent Difference Percent

rank bridge

0 70.6% 0 99.5%

1 7.1% 1 0.5%

2 0.9% oneway

3 0.0% 0 97.9%

4 0.2% 1 2.1%

5 21.1% 2 0.0%

tunnel - -

0 100.0% - -

1 0.0% - -

Table 9. Levenshtein distance (LD) of the text fields

LD Percent LD Percent

preDir sufDir

0 99.7% 0 97.3%

1 0.3% 1 2.7%

preType sufType

0 99.4% 0 89.2%

3 0.6% 1 0.0%

stName 2 4.6%

0 86.1% 3 2.2%

1 to 3 3.1% 4 3.8%

> 3 10.9% 5 0.2%
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CONCLUSION

Although OSM has better data completeness and overall good positional and attribute accuracy com-
paring to DMTI, it still has some quality issues. For example, the majority of local roads in rural areas 
remain unclassified. Misspelling of street names and suffix types still exists, and a large number of suffix 
directions are missing as well. Still, the general OSM quality of London, Canada in 2016 has greatly 
improved comparing to previous studies of US and European regions. An interesting finding is that 
the local roads in suburban areas (rank 0) actually have the highest level of positional accuracy, which 
violates the assumption brought up at the beginning of the case study section. This high accuracy of 
local roads in rural areas is perhaps due to the data import from an old version of NRN starting in 2008 
(“Canada Import Status - OpenStreetMap Wiki,” 2015) and the limited user-editing afterwards. Hence, 
it is worth to explore the OSM quality at a larger scale. For instance, there are no reference roads clas-
sified as secondary highways (rank 3) in the London CMA, which will not be a problem once the study 
area is expanded to the national level. In addition, an exploration is still needed for evaluating the trail 
data (rank 6) if a reference dataset is available. Other future research questions pertaining to OSM and 
VGI are as follows:

• Which data source, the commercial organization, the governmental data bureau or VGI, should be 
used under which circumstances?

• Are there better and more efficient methods to evaluate the extrinsic (when a reference dataset is 
available) and intrinsic (e.g., data history analysis) OSM quality?

• How can one accurately automate the quality assessment process?
• How can one improve OSM quality in general?
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KEY TERMS AND DEFINITIONS

Attribute Accuracy: A measure of the correctness of attributes associated with geometrical shapes. 
It is also known as thematic accuracy.

Authoritative Dataset: A validated dataset published by governmental agencies or commercial 
organizations.

Buffer Analysis: A method of measuring positional accuracy. Buffers are created around objects 
from an authoritative dataset, and the percentages of objects from a test dataset that fall within the buf-
fers are calculated.

Completeness: A measure of the comprehensiveness of a dataset. Data completeness not only reports 
how much data is missing, but also the amount of data that should be excluded.

Levenshtein Distance: A numerical value that reflects the differences of two strings, which is also 
known as edit distance.

Linus’ Law: Errors can be easily identified with enough number of users in a software development 
environment.

OpenStreetMap: A crowd-sourced online platform that allows citizen scientists to edit maps of their 
neighborhood and the world using satellite images.

Positional Accuracy: A measure of the relative and absolute accuracy of coordinate values.

ENDNOTES

1  See https://mapzen.com/data/metro-extracts/
2  See https://mapzen.com/documentation/metro-extracts/overview/#choose-a-file-format
3  See http://geo2.scholarsportal.info/
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APPENDIX

Table 10. Summary of recent literatures on quality analysis of OSM 

Studies Time Study Areas Reference Data 
Sources

Data Types Quality Criteria or Methodology

POI Line Poly C PA AA LC SA TQ L

Amelunxen (2010) N/A
North Rhine-
Westfalia, 
Germany

Geocoding service 
by Google x x

Cipełuch, Jacob, Mooney, & 
Winstanley (2010) 2010 Ireland Google Maps and 

Bing Maps x x x x

Girres & Touya (2010) 2009 France BD TOPO x x x x x x x x x x

Haklay (2010) 2007 England, UK OS Meridian 2 x x x

Haklay, Basiouka, Antoniou, 
& Ather (2010) 2007 London and 

England, UK OS Meridian 2 x Relationship between average positional 
error and number of contributors

Mooney, Corcoran, & 
Winstanley (2010) 2010 European 

regions N/A x x x x

Zielstra & Zipf (2010) 2009 Germany^ Tele Atlas x x x

Antoniou (2011) 2009 England, UK OS Meridian 2 x x x

Ludwig, Voss, & Krause-
traudes (2011) 2009 Germany^ Navteq x x x x

Mondzech & Sester (2011) N/A Germany ATKIS x Accessibility and length of simulated routes

Neis, Zielstra, & Zipf (2011) 2007 to 
2011 Germany^ TomTom x x x x

Hayakawa, Imi, & Ito (2012) 2012 Japan and other 
regions N/A x x x x

Helbich, Amelunxen, & Neis 
(2012) N/A Germany Tele Atlas x x

Koukoletsos, Haklay, & Ellul 
(2012) N/A London and 

Newcastle, UK
OS ITN layer of 
MasterMap x x

Mooney & Corcoran (2012a) 2011 UK and Ireland N/A 
(User behavior) x Correlation between numbers of 

contributors and numbers of tags

Mooney & Corcoran (2012b) 2011
UK, Ireland, 
Germany and 
Austria

N/A x x x

Siebritz et al. (2012) 2006 to 
2011 South Africa NMA x x x

Canavosio-Zuzelski, 
Agouris, & Doucette (2013) 2011 Purdue 

University, US
USGS National Map 
and TIGER/Line x x

Corcoran, Mooney, & 
Bertolotto (2013) 

2007 to 
2011 Ireland N/A x x

Estima & Painho (2013, 
2015) 2013 Portugal^ CLC x x

Hecht, Kunze, & Hahmann 
(2013) 

2011, 
2012 Germany

Official building 
polygon dataset and 
ATKIS

x x x

Hochmair & Zielstra (2013) 2012 Florida, US
TomTom, 
NAVTEQ, ESRI and 
TIGER/Line

x x x

Jackson et al. (2013) 2011 Denver, US ORNL x x x

Jokar Arsanjani, Barron, 
Bakillah, & Helbich (2013) 2012 Heidelberg, 

Germany BKG x x x x

continued on following page
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Studies Time Study Areas Reference Data 
Sources

Data Types Quality Criteria or Methodology

POI Line Poly C PA AA LC SA TQ L

Jokar Arsanjani, Helbich, 
Bakillah, Hagenauer, & Zipf 
(2013) 

2012 Vienna, Austria GMESUA x x

Keßler, Theodore, & Groot 
(2013) 2011 Münster, 

Germany
N/A (Data trust and 
vandalism) x x x Trustworthiness (e.g., versions, users, 

confirmations and tag corrections)

Pourabdollah, Morley, 
Feldman, & Jackson (2013) N/A UK^ OS VMD x x

Touya & Brando-Escobar 
(2013) N/A France N/A x x x Level of Details

Wang, Li, Hu, & Zhou 
(2013) N/A Wuhan, China NavInfo x x x x

Zielstra, Hochmair, & Neis 
(2013) 

2006 to 
2012 US^ TIGER/Line x x

Barron, Neis, & Zipf (2014) 2007 to 
2013

US, Spain, 
Cameroon N/A (Framework) x x x x x x x x

Fan, Zipf, Fu, & Neis (2014) 2013 Munich, 
Germany ATKIS x x x x x

Forghani & Delavar (2014) N/A Tehran, Iran Municipality of 
Tehran x x x x

Jilani et al. (2014) N/A London and 
East Essex, UK N/A x x x

Jokar Arsanjani & Bakillah 
(2014) 2013

Baden-
Württemberg, 
Germany

N/A 
(User behavior) x x x

Logistic regression relationship between 
highly contributed areas and socio-
economic variables

Quattrone, Mashhadi, 
Quercia, Smith-Clarke, & 
Capra (2014) 

2007 to 
2012 London, UK N/A x x

Tenney (2014) N/A Canada^ NRN (2011) x x x x

Zhou, Huang, & Jang (2014) N/A China National basic data x x x x x

Ballatore et al. (2015) 2015 Germany and 
UK N/A (Framework) x

Conceptual quality: accuracy, granularity, 
completeness, consistency, compliance and 
richness

Camboim, Meza Bravo, & 
Sluter (2015) 2015 Brazil IBGE x x x x x

Dorn, Törnros, & Zipf 
(2015) 2014 Rhine-Neckar, 

Germany ATKIS x x x

Eckle & De Albuquerque 
(2015) N/A Germany Map from expert 

mapper x x x

Hashemi & Ali Abbaspour 
(2015) 2014 Wörrstadt, 

Germany N/A (Framework) x x x x

Hochmair, Zielstra, & Neis 
(2015) 2013 Portland and 

Miami, US
Buehler & Pucher 
(2012) x x

Jokar Arsanjani, Helbich, 
Bakillah, & Loos (2015) 

2007 to 
2012

Heidelberg, 
Germany N/A x x x x

Jokar Arsanjani, Mooney, 
Zipf, & Schauss (2015) 2013 Germany GMESUA x x x

Jokar Arsanjani & Vaz 
(2015) 2013 European cities GMESUA x x x

Kalantari & La (2015) 2013 Victoria, 
Australia

Victorian 
governmental data x x x x x

continued on following page
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Studies Time Study Areas Reference Data 
Sources

Data Types Quality Criteria or Methodology

POI Line Poly C PA AA LC SA TQ L

Mashhadi, Quattrone, & 
Capra (2015) 

2007 to 
2012 London, UK Navteq and Yelp x x x

Meier (2015) N/A Waterloo, 
Canada NRN x x x

Mohammadi & Malek 
(2015) 2012 Tehran, Iran N/A x x x x

Mullen et al. (2015) 2011 Denver, US ORNL x
Non-spatial and spatial regression 
relationships between demographic 
characteristics and C and PA of OSM

Parr (2015) 2006 to 
2013 US^ US census and 

governmental data x x x The Activity-Context-Geography Model

Sehra, Singh, & Rai (2015) N/A India Ground data by 
smartphone x x x x

Vaz & Jokar Arsanjani 
(2015) 2013 Toronto, 

Canada DMTI Spatial Inc. x x

El-Ashmawy (2016) N/A Saudi Arabia Self-collected 
surveying data x x x x

Yang, Fan, & Jing (2016) 2010 to 
2014

Germany, 
France and UK N/A (User behavior) x x x

Use practice, skill and motivation as 
themes to identify the contributors’ level of 
expertise

Zhao, Zhou, Li, & Xing 
(2016) 

2006 to 
2014

Berlin, 
Germany and 
Pakistan

N/A (Data trust and 
vandalism) x x x Trustworthiness (e.g., contributor 

reputations)

Note. ^: a national study; abbreviations:
AA Attribute Accuracy
ATKIS German Authority Topographic-Cartographic Information System
BD TOPO Topographic datasets from the French National Institute of Geography
BKG German Federal Agency for Cartography and Geodesy
C Completeness
CLC Corine Land Cover database
GMESUA Global Monitoring for Environment and Security Urban Atlas
IBGE Brazilian Institute of Geography and Statistics
ITN Integrated Transport Network
L Lineage
LC Logical Consistency
N/A Not Available
NMA National Mapping Agencies (South Africa)
NRN National Road Network (Canada)
ORNL Oak Ridge National Laboratory
OS Ordnance Survey, the national mapping agency for Great Britain
PA Positional Accuracy
SA Semantic Accuracy
TIGER/Line Topologically Integrated Geographic Encoding and Referencing (US)
TQ Temporal Quality
VMD Vector Map District

Table 10. Continued


