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Abstract: Volunteered Geographic Information (VGI) is becoming a valuable source of 
geographic information that compliments government generated data sets. VGI can be generated 
by a number of new Web supported technologies such as Wikimapia, OpenStreetMap, and 
Flickr; involve different themes (bird counts, phenological events); and take a number of 
different forms. Currently the mechanisms for VGI generation result in separate archives of data. 
Tremendous potential value lies in being able to combine these independently generated sources 
into integrated databases. The goal of this research project was to investigate an aspect of this 
integration problem. We assume a set of polygons generated by different sources with different 
geometries and different attribute sets and the objective is to discern if the polygons are 
sufficiently similar and could refer to the same feature. This project implemented a set of metrics 
for assessing whether two polygons are similar enough to be identified as the same feature. The 
similarity metrics use both geometry and attribute comparisons. The metrics are tested on 
simulated data sets that varied by geometry and name attributes, mimicking variations that might 
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occur in VGI contributions. The hope is that this work can contribute to an overall integration 
strategy for the growing volumes of VGI data. 

Introduction:	  	  

Twenty years ago, geographic data creation was a very highly skilled endeavor. Most 

people were not familiar with the term GIS and had no experience collecting or working with 

geographic data. A simple geovisualization 15 years ago was reserved for highly skilled 

cartographers. With several new technologies and the reach of the World Wide Web this is a 

very exciting time for research in Geographic Information Science (GIS). The advent of smart 

phones and new Web 2.0 technologies has greatly changed the landscape of what is possible and 

who can utilize GIS. Web 2.0 technologies not only allow more people to use geospatial data, 

but allow people to create their own geographic information. Now an average 10 year old can 

use web based tools to collect data and create a geovisualization anywhere in the world. 

Goodchild (2007) coined the term Volunteered Geographic Information (VGI) to refer to 

geographic data collected by general citizen participants. Other terms referring to the same 

phenomena include Neogeography (Turner,2006; Sui 2008) and user contributed data, but the 

consensus seems to be that VGI is the preferred term.  

Before VGI, creating geospatial data was a long and typically costly enterprise. Most of 

the geospatial data that was created before VGI was done by large National Mapping Agencies. 

Two of the largest National Mapping Agencies were the Ordnance Survey of Great Britain, and 

the United States Geological Survey. Because the National Mapping Agencies were government 

entities they had very strict metadata and standards associated with data collection.  
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There are currently no such metadata standards for VGI contributions, though over time we may 

see certain standards being adopted. Another issue with large governmental agency data 

production is the time lag between updates, often extending to years. VGI could help alleviate 

this short coming. With volunteered contributions, the time lag for edits is less than with 

National Mapping Agencies and often more detailed and thematically varied data are contributed 

by volunteers. My research looks at how we might go about utilizing this interesting and rich 

data. For example an entry for a lake in the National Hydrography Dataset (NHD), has a polygon 

boundary description, a name and a standard feature class identifier.  VGI data however might 

contribute images of the lake, information on fish caught in the lake, wildlife seen on the lake, or 

invasive species seen in the lake, among other contributions. 

This project work investigates methods for combining independently contributed VGI  

datasets together. A key challenge in integrating VGI data is in determining which VGI 

contributions refer to the same features. For this work we assumed that the VGI contributions 

included polygon representations and the objective was to identify polygons that appeared to 

refer to the same feature. Potential differences in VGI contributed polygons could be due to a 

number of factors. For example a polygon created in OpenStreetMap and another polygon 

created in Wikimedia is not going to be exactly the same since OpenStreetMap uses Bing 

imagery and Wikimapia uses Google imagery. Also two different people are digitizing the same 

feature, a lake for example, are unlikely to construct the exact same polygons.  The two polygons 

are likely to be similar, but not exactly the same.  

For the project research I implemented an approach for determining if two polygons 

created from different sources by different users might refer to the same feature.  The project 
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research goal was to determine if two polygons representing independent VGI contributions are 

similar based on geometric and attribute comparisons.   A combination of geographic and 

attribute similarities over a certain threshold would suggest that two polygons likely represent 

the same feature.  

Humans using manual checks would likely have little difficulty in determining if two 

representations referred to the same feature. Developing an automated approach, however, is 

quite challenging. The work is important since more and more user generated data is contributed, 

we have to find more efficient and automated ways to process the information.  

The human eye is quite good at discerning changes between shapes, but with 1000 or 

millions of polygons to check this becomes an impractical way of comparing polygons. The goal 

of this work is to devise automated comparisons that can be done quickly and efficiently. 

Geometric measurements are used in combination with attribute comparisons since as Sehgal et 

al. (2006) writes “In our experiments, we find that using spatial and non-spatial together 

improves both recall and precision”.  

Geometrically the expectation is that polygons describing the same feature should be 

similar in their location and in their shape. For such comparisons one suggestion is to consider 

centroid to centroid distances (Fu et al 2005). This measure, however, does not really tell us how 

similar the two polygons are because the centroids could be very close in distance, but the areas 

and shapes of the polygons could vary greatly. Overlapping area is a measure that is pivotal. If 

the overlapping area is very high, then this could be a good indication that the two polygons are 

referring to the same feature. Perimeter comparison also should be an indicative measure. As 
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illustrated in Figure 1, two polygons could have quite similar areas, but quite different perimeters 

suggesting that they might not be representing the same feature.  

 

 

 

 

 

Figure 1: VGI representation compared to the reference polygon. The area is similar in 
both polygons, but the perimeter of the VGI polygon is larger. 

The differences in distance between lower left and upper right coordinates of a polygon 

bounding boxes are helpful in determining the locational similarity between two polygons. The 

overlap in the bounding boxes between polygons is another metric for evaluating similarity that 

can be simpler to compute. For this project the ratio of overlapping area to the areas of each of 

the two comparison polygons was considered to be an effective metric and used in determining if 

the polygons were similar. For this metric, if the two input polygons are identical, the ratio is 

equal to 1.  

The non-spatial information used for comparison was primarily the name field.  Different 

VGI contributions have different tagging options, but most include a name field. Other options 

include an address field. Features can be assigned different names by different people in different 

contexts so names may not match exactly, but the expectation is that they should be similar. 

Various string comparisons were implemented to evaluate name similarity. The remainder of this 

paper described previous related research, describes the methodology in more detail, and 

presents  results and evaluation. The last section makes conclusions and outlines future research.  
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Related	  Research	  

Much previous work exists on similarity metrics and matching and research for this project 

reviewed and borrowed some concepts from this previous work. In the assessment of 

independently generated VGI data, the expectation is not so much that two polygon 

representations should be identical, but that they should have sufficient similarities to believe 

that they could represent the same feature. Detailed shape or vertex matching as proposed by 

some work (Arkin et al 1991, Latecki et al 2003, VeltKamp and Hagedoorne 2001) is not needed 

in this case.  Scene similarity matching (Nedas and Egenhofer 2008) deals with multiple objects 

and  relationships among them (e.g. topological, directional) which are also not necessary for this 

work. Geographic information retrieval addresses some aspects of the similarity matching 

problem in that the goal is to find within a set of data sources, geographic information that 

approximately matches a user’s request.  In their construction of a geo-ontology Fu et al. (2005) 

use a set of similarity measures to determine if two places are the same.  They include measures 

for name similarity, feature type similarity, footprint matching and hierarchy matching. The 

geographic hierarchy metric is based on containment relationships between places. Hastings 

(2008) takes a similar approach in combining multiple sources in the construction of a digital 

gazetteer. He employs three metrics for conflating independently generated source data. These 

include placename matching, place type, and footprint matching. For footprint matching he used 

the ratio of the overlapping area to the average of individual areas, for two spatially extended 

features, P1 and P2.  

  Place or feature type or class similarity can also be an important dimension for 

determining feature similarity. Classification hierarchies are typically used to find similar classes 



Luke Kaim 
Masters Project 
Final Paper 
2/17/2015 
 

7 
 

in classification trees (Rodriguez and Egenhofer 2003). In this work we treat the name field as a 

compound text string and look for matching tokens in the string. 

Future scientific advances are likely to involve mining of multidimensional data sets and 

to require the kinds of data synthesis that can only be achieved if systems are to a large 

degree interoperable. Gober (2000) called for a new emphasis on synthesis in geography 

in her Presidential Address, and a recent paper in Bioscience called for a new effort to 

accelerate synthesis in and between ecology and the environmental sciences (Carpenter et 

al. 2009). Many forms of synthesis in the context of VGI applications can be described as 

mashups (e.g., Yee 2008). Borrowed from the music industry, the term originally refers 

to a song or composition created by blending two or more songs. Yet in the context of 

Web-based applications, a mashup might have multiple meanings (Sui 2009). At the 

functional or service level, a mashup might be a Web page or application that combines 

data or functionality from two or more external sources to create a new service. In terms 

of actual content, a mashup can be a digital media file containing a combination of text, 

maps, audio, video, and animation, which recombines and modifies existing digital works 

to create a derivative work. The term implies easy, fast integration, frequently using open 

APIs and data sources to produce something new (Sarah Elwood et. al, 2011). 

The underlying objective of this work is essentially an automated form of VGI mashup.  

Approach	  and	  test	  data	  
The basic approach taken was to assume the existence of a reference feature which in this case 

was a polygon generated by a national mapping agency.   The reference feature is assumed to 

have a correct official name and also an accurate polygon footprint with respect to both location 
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and shape.  An assumed set of VGI polygons were then to be matched against the reference 

polygon. A set of VGI polygons was simulated by making variations on the reference polygon 

that users might typically make by using different VGI web tools, and digitizing more or less 

detailed representations.   To create the VGI set, the reference polygon was subjected to 

rotations, scaling, and translations as well as subtractions and additions to the number of vertices.  

Names were assigned to the VGI polygons to replicate the types of naming differences VGI 

contributors might make. These included misspellings, dropping the feature type from the name 

or using a different feature type.  Given the reference name, Megunticook Lake, for the 

simulated VGI data set the following name variations were applied:  Megunticook Lake (for an 

exact match),  Megunticook Pond, Megunticook River, Megunticook Range, Magunticook,… 

We assume that the VGI test polygons and the reference polygon are in the same datum and 

projection. The set of geometric measures used to evaluate location and shape similarity included 

a measure based on area of polygon overlap similar to that employed by Hastings (2008). For 

this work polygon area similarity was defined as:  

𝐴! = 𝐴𝑟𝑒𝑎(𝑃! ∩ 𝑃!)/
1
2 (𝐴𝑟𝑒𝑎 𝑃! + 𝐴𝑟𝑒𝑎(𝑃!) 

 

For test purposes, a perimeter metric was also employed which takes a similar form: 

𝑃! = 𝑃𝑒𝑟𝑖𝑚𝑒𝑡𝑒𝑟(𝑃! ∩ 𝑃!)/
1
2 (𝑃𝑒𝑟𝑖𝑚𝑒𝑡𝑒𝑟 𝑃! + 𝑃𝑒𝑟𝑖𝑚𝑒𝑡𝑒𝑟(𝑃!) 

For small features whose polygons representations are small, the likelihood of them overlapping 

is reduced. While such cases might not overlap, we would expect them to be in close proximity.  

To address these cases, an additional metric was included to test for their spatial proximity. The 
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metric compares the lower left and upper right bounding box coordinates of the two polygons. 

Relatively small distances in this case indicate that the features are in the same general location. 

Methods	  	  
ArcGIS 10.1 service pack 1 was used for this work and Python 2.7 scripting language 

was used to create a suite of tools for carrying out the matching operations. The sequence of 

steps implemented by these tools includes the following:  

Intersect a VGI test and reference polygon. The tool actually takes an input a set of VGI 

polygons and generates the union of this set with the reference polygon. VGI polygons that 

intersect with the reference polygon are flagged and for these polygons their area and perimeter 

of overlap are estimated.  

Compute the Area similarity metric As 

Compute the Perimeter similarity metric Ps 

Compute the separation distances between the polygons’ Bounding box lower left and 

upper right coordinates 

The developed tool carries out some initial variable assignments. Then it executes a union 

operation on the two input polygon files. The result of the union operation is a set of intersected 

polygons. ArcGIS uses a -1 to denote if there is an intersection. This means that if there are two -

1’s then there is an overlapping polygon.  
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Figure 2: This is a set of simulated VGI polygons compared to a reference polygon. 

The areas of these new polygons are then compared to the original polygon areas. This 

creates a ratio such that 1 equals a perfect match. The perimeter ratio is compared in the same 

fashion. The bottom right bounding box extent of VGI is compared to the bottom right bounding 

box extent for the reference polygon. If the bounding box point distances are small the polygons 

have a higher likelihood of being similar. This is also done for the top right extent. A minimum 

bounding box is created for every polygon. The bounding box area and perimeter ratios are 

compared in the same way as the polygon areas. The reason for computing both was to 

investigate how well the similarity metrics on the bounding box compare with respect to the 

similarity metrics on the polygons themselves. If they are consistently close, this would indicate 

that the similarity comparisons could be done on the bounding boxes alone.  

Next the attribute information is compared. The name of the reference polygon is 

compared to the name of a VGI polygon. The string matching algorithms that were used to 

compare the names were adapted from the Python module difflib and from a  library called 

FuzzyWuzzy. One commonly used string comparison algorithm is the Levenshtein distance. This 
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algorithm returns the number of edits (character insertion, deletions or substitutions) that must 

occur to turn one string into the other (Baeza- Yates and Ribeiro-Neto 1999). This algorithm has 

some short comings for this feature name comparison task. First, it is case sensitive. There are 

ways to get around this short coming, namely to make all strings either lowercase or uppercase to 

start. Another shortcoming of this string matching algorithm is it does not work well with strings 

consisting of multiple words (e.g. strings 3-10 words long (Cohen). Feature names are typically 

two words incorporating a feature type class with a name, such as Branch Lake, or Union River.  

The Levenshtein distance creates extra penalties for omitting or using the wrong feature class. 

The developed matching tool includes a Levenstein distance metric, but to account for its 

shortcomings several other text string matching algorithms were tested. The SequenceMatcher 

algorithm returns a value between 0 and 1, with 1 representing an exact match. For this metric, X 

is the total number of elements in the two string sequences being compared, and M is the number 

of matches, therefore, 2.0*M/T. This is a simple string comparison algorithm. There is an 

algorithm from the FuzzyWuzzy library that is very close to the SequenceMatcher algorithm in 

this algorithm it matches the longest partial string in both. New York Giants and New York Jets 

would have a fairly high score using this partial string comparison in this approach in that the 

order of the string tokens matters. This is one short coming that might not be the optimal 

solution. One approach to overcome this is to tokenize the string and then sort them 

alphabetically and then join them back into the string. This is known as the Token Sort. Another 

string comparison called the Token Set, is similar in that it tokenizes the strings before 

comparing them and they are broken into two groups the intersection and the reminder. One 

thing that also is being tested is a mean average and weighted average of all the FuzzyWuzzy 



Luke Kaim 
Masters Project 
Final Paper 
2/17/2015 
 

12 
 

algorithms. All of the FuzzyWuzzy algorithms are normalized and comparable so averaging 

them all should produce an interesting string match. This will untimely be used to choose a 

threshold for which name information is similar enough to be considered the same.  

Results	  

 

Figure 3: This is to show the 14 different VGI polygons that were tested against the reference polygon. 

There were four tests that were conducted. Test 1 is where the VGI polygon is identical to the 

reference polygon, both in geometry and name. Test 2 is where the VGI geometry is perturbed 

and the name equals the reference polygon. Test 3 is where the VGI name is perturbed and the 

geometry equals the reference polygon. Test 4 is when both the VGI geometry and name are 

perturbed. 

Test1	  	  
Test 1 was conducted where the VGI record was an exact match to the reference polygon. This is 

polygon 8 in figure 3. This is the ideal scenario.  
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Table 1: Test 1 is where the VGI polygon geometry and name equal the reference polygon. 

 

The overlapping area is equal to 1 and the overlapping perimeter is equal to 1. The name 

comparison algorithms are 1 also. This means that this VGI contribution is a perfect match to the 

reference polygon. The lower left and upper right extent distance is 0. This is the bench mark test 

that the other polygons will be compared to.  

Test	  2	  
Table 2: Test 2 is where the VGI polygons geometry is perturbed and the name equals the reference polygon. 
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Here we see that the overlapping area and perimeter are different then 1. The perimeter of 

polygon 14 is greater than the average of both the reference and VGI polygon and that is why the 

perimeter calculation is greater than 1. The average for overlapping area and perimeter is also 

computed. The weighted average for overlapping area and perimeter was also calculated. The 

area calculation is weighted higher. This is because area has an absolute range, but perimeter 

does not.  

Test	  3	  
Table 3: Test 3 is where VGI geometry is equal to the reference polygon and the name is perturbed. There are a number 
of miss spelled words and other variations for the VGI polygon name.  This table is sorted by sequence matcher score.  
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Table	  3	  
Table 4: Test 3 is where VGI geometry is equal to the reference polygon and the name is perturbed. This table is sorted by 
token set. 

 

Token set seems to do a reasonable job sorting the name field. The first 4 records seem to be the 

same lake. This is why location matters and then name matters. If the location was close and one 

volunteer called the feature Lake Megunticook and another person called it Megunticook Lake it 

is likely they were depicting the same feature. 
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Table 5: Test 4 is where the Geometry and name are both perturbed when compared to the reference polygon. This was 
sorted by the average geometry and sequence match field.  

 

Polygon 14 is very high in this test because polygon 14 has a larger perimeter then the average 

perimeter of both the VGI input and the reference polygon. This is why that it is 1.12. This is 

raising the value above 1. 

Summary	  
When using both geometry and name similarities the tool seems to be able to deduce the 

nuances of different polygons.  The weighted average using both geometry and name similarities 

should be able to discern most polygons. The weights might need to be changed slightly because 

polygon 14 is skewing the results. More work will have to be done if the perimeters of the VGI 

contributions are at a higher detail then the reference polygon. The area computation maximum 

can only be 1 because it is the area of overlap and as such there cannot be more area then the 

input polygons. This is, however, not true with perimeter. More work could be done to see if 

there is a way to normalize the perimeter calculation. Another option is to weight the area 
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calculation more heavily than the perimeter calculation. In the weighted average that is what was 

done.  

Looking at the geometry values for the shape and the values for the bounding box it looks 

as if the bounding box is giving similar results. This could be an indication that the bounding box 

is enough to discern different polygon shapes. 

The token set algorithm seems to do the best job when looking at all the different name 

variations. This is because order shouldn’t matter as much; meaning Megunticook Lake should 

be the same as Lake Megunticook. If feature type was its own field, then token set would 

definitely be the best choice. 

It is also important to keep in mind that this method of detecting similar polygons is an 

important step in automating this process. It is important to keep in mind though that humans 

will still need to be involved if there is no reference polygon to base a VGI contribution on. If 

volunteers collect the data, then it is not a far stretch to think that volunteers could also check the 

contributions as well. This methodology is not meant to replace the human component, but help 

the human check for similarities within VGI contributions.  With being able to test similarities 

within different datasets this should lend itself to synthesizing geographic data and we might be 

able to learn more about the world around us because the whole is bigger than the sum of its 

parts (Aristotle).  

Future	  work:	  	  
Future work could incorporate a feature thesaurus so that similar feature types are more similar 

then none similar feature types. This is something that my implementation does not take 

advantage of currently. This work could also be added to by testing this set of tools against 
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complex polygons. Looking at very small polygons presents a challenge that was not looked at 

with this research. Building footprints are very small so two people could digitize buildings that 

do not overlap. Currently if the two polygons do not overlap then it would be hard to know that 

they are similar. Two building footprints could be very similar, but be disjoint. Future works 

could look at how to discern disjoint feature and if they are similar. Adding elevation could also 

be helpful. Just because two polygons overlap doesn’t necessarily mean that they are similar if 

they are at largely different elevations.   
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