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Abstract— The problem of semantic similarity across 
heterogeneous geospatial data sources continues to attract 
interest. Semantic similarity across data sources typically 
involves 1:1 matching of attributes and their instances 
between tables. Using clustering methods, three distinct 
challenges remain unaddressed. First, many clustering 
algorithms rely only on one instance property. Second, a 
consistent score for an attribute match is not produced. 
Finally, hierarchical relationships between the data are not 
considered. To address these, we introduce GeoSim, a tool 
for determining the semantic similarity between geospatial 
schemas. GeoSim consists of GeoSimG and GeoSimH. 
GeoSimG derives clusters from attribute instances based on 
their geographic and semantic properties. It examines 
attribute instances in the clusters to calculate a consistent 
semantic similarity score through entropy-based 
distribution (EBD). GeoSimH also captures hierarchical 
relationships between compared tables and attributes. 
Results from experiments involving multi-jurisdictional 
geospatial datasets show that GeoSim outperforms several 
popular semantic similarity approaches. 

 

Keywords-schema matching, geospatial, GIS, semantic 
similarity, hierarchical matching, clustering, entropy 

                                     I.      INTRODUCTION 

     The amount of data accumulating in geodatabases and 
other geographic data sources is rapidly increasing. This has 
resulted in the proliferation of independent and heterogeneous 
geospatial data repositories. Consequently, the potential 
applications for integrating geospatial data in these 
repositories have garnered tremendous interest.  
     Many of the proposed solutions for geospatial data 
integration exploit the concept of semantic similarity from IR 
and AI. Semantic similarity is typically achieved by extracting 
characteristics of two or more compared schemas, composed 
of data instances, tables, attributes, metadata etc., and using 
them to derive a similarity measure that is independent of the 
schemas’ syntactic representation. (e.g. language, data model, 
etc.) Within intelligent computing disciplines, semantic 
similarity has been leveraged for many purposes, including 
decision detection in NLP applications[20], Web services 
annotation and composition in the Semantic Web[21], 

knowledge representation[22] and more. In the geospatial 
domain, semantic similarity has been applied to numerous 
information integration and ranking problems [1,15]. 
     The main focus of our research is applying clustering 
techniques to the information integration problem by 
calculating the semantic similarity between tables and their 
attributes from geospatial schemas by using their instances. 
Clustering techniques have been leveraged for interactive 
video retrieval[2], binary image quantization[3], speaker 
diarization[23] and more. We believe that clustering can also 
be successfully applied to geospatial schema matching. Most 
approaches[4] have focused on 1:1 matches between attributes 
of compared tables. In one popular approach, one attribute 
from one table is deemed similar to one attribute of another 
table, by virtue of common instances and their properties, 
which might include geographic type(GT)1, land area type, etc. 
Because of the large numbers of instances that may be 
associated with attributes, random samples of instances from 
each attribute are often used for the comparison. For similarity 
between two tables, it is computed via the average of the 
similarity values of their matched attribute pairs.  
     Three major challenges with geospatial schema matching 
remain largely unaddressed. First, geospatial applications that 
calculate semantic similarity using instances often rely solely 
on one instance property; for some applications[15,19], the 
property is geographic, and for others, the property is 
semantic[24,25]. However, the idea of using both geographic 
and semantic properties for a geosemantic similarity algorithm 
has not been explored in detail to our knowledge. Using both 
properties can lead to better clustering. 
     Second, the semantic similarity score computed between 
compared attributes in most schema matching applications 
using clustering are based on inconsistent cluster quality. 
Because of this, the generated semantic similarity score for a 
given attribute comparison may differ from one trial to the 
next. In the case of our previous work, GSim[25], it uses 
clustering over the instances of a pair of compared attributes; 
however, this approach can lead to a large variance in the 
calculated similarity score, due to the inherent variability in 
the clustering process. Sometimes, this is due to factors such 
as the initial centroids (or medoids) chosen or the number of 
clusters. However, we will focus on score variability resulting 
from the varying semantic properties of instance samples from 
one clustering trial to the next for a given attribute 

1 EBD = Entropy Based Distribution; GT = Geographic Type; GD = Google Distance 
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comparison. Figure 1 illustrates an example of this over two 
distinct clustering trials for the same attribute comparison. 
Here, instances from both attributes are considered for 
comparison, but only a sample of the instances will actually be 
clustered. We assume that instances are annotated by 
keywords, although this is not shown. So for example, the 
instance “Johnson Rd.” might be annotated with the keywords, 
“street, Plano, Texas, Collin-County”. A given instance is 
assigned to a cluster based on the highest number of 
overlapping keywords between it and the cluster medoid 
(indicated in CAPS). Two clusters are shown: a cluster of road 
instances and a cluster of highway instances. Note that the 
instances selected for clustering differ between the two trials, 
with the instances not selected for clustering indicated with a 
horizontal line through its text (strikethrough text). However, 
because keyword overlap is used as the semantic property by 
which instances are assigned to clusters, the clusters take on 
completely different instances between the trials. This will 
result in very different semantic similarity scores for the same 
attribute pair. To overcome this, we need to choose instance 
properties that result in more consistent clusterings. In turn, 
this will produce more consistent similarity scores. 
 

 
Figure 1. Clustering instances over two separate trials with inconsistent results 

 
     The third challenge is accounting for the presence of 
hierarchical relationships in the data. If the compared 
attributes are associated with GTs structured as a hierarchy 
(e.g. SWEET ontology in the earth sciences domain), then the 
semantic similarity score will be affected by the relationship 
between the attributes’ GTs as indicated by the hierarchy. 
Figure 2 depicts a situation involving compared attributes 
associated with the GTs ‘Rivers’ and ‘Springs’ (in an 
ontology, the GTs would be referred to as concepts). Both 
concepts are modeled after the hydrographic features portion 
of the GT hierarchy from the ADL gazetteer [11]. In figure 2a, 
an attribute ‘River.name’ from a ‘River’ table is compared 
against ‘Rapid.Name’ from a ‘Rapid’ table. If the attributes 
are compared based on whether the GTs of the instances of 
‘River.name’ match exactly the GTs of the instances of 
‘Rapid.Name’, then no similarity between them exists since 
strictly speaking, a rapid is not exactly the same as a river. 
However, when looking at the relationship between the 
‘River’ concept (GT) and ‘Rapid’ concept (GT) in Figure 2a, 

we can see that ‘Rapid’ is a direct subclass of ‘River’. 
Therefore, the hierarchy indicates that a ‘Rapid’ is a kind of 
‘River’, and we would assign a higher similarity score 
between the compared attributes. 
 
 

 
 
 
 

Figures 2a and 2b.(2a, left)  Comparing attributes using hierarchical 
relationships (2b, right) Part of ADL’s GT hierarchy for hydrographic features 

 
     However, taking into account hierarchical relationships 
appropriately requires a nuanced approach, as two kinds of 
mistakes can be made. The first is being overly specific in 
specifying GTs; this was illustrated above when the match 
between ‘Rapid’ and ‘River’ required an exact GT match. This 
would lower the similarity score too much. The second is being 
overly general in specifying GTs. In figure 2b, when 
comparing attributes ‘Stream.name’ and ‘River.name’, if all 
instances of the ‘Stream’ concept were considered equivalent to 
instances of the ‘River’ concept, then the similarity score 
would be 1.0, which is too high. The correct approach would 
recognize a hierarchical relationship while avoiding 
overspecificity or overgeneralization. Many geospatial schema 
matching programs, including GSim, do not account for 
hierarchical relationships in the data. 

To address the above challenges, we introduce GeoSim, a 
geospatial schema matching tool that derives semantic 
similarity between heterogeneous schemas. We focus on the 
comparison between tables and their attributes across the 
schemas. GeoSim consists of GeoSimG, a semi-supervised 
algorithm producing consistent, geosemantic clusters of 
instances, and GeoSimH, responsible for hierarchical matching. 
Like our prior work GSim, GeoSim derives 1:1 matches 
between attribute pairs of the compared tables by using 
attribute name and data type matching to select the attribute 
pairs. For each attribute pair, their instances are assigned to 
clusters. Traditional clustering algorithms such as GSim rely on 
only one instance property, leading to inconsistent clustering 
and lower, more inconsistent similarity scores. To ensure 
higher, more consistent similarity scores, GeoSim employs 
GeoSimG, which creates clusters using two properties 
associated with each instance. The first is a semantic distance 
measure based on Google Distance (GD) [5] that computes the 
“meaning distance” between two distinct instances. The use of 
GD overcomes problems caused by instance annotations from 
Figure 1. The second is a GT that associates an instance with a 
geographic feature, such as a lake or a road. We use these 
properties to ensure consistent clusters of instances from a 
given attribute pair. GTs act as labels on instances, making 
GeoSimG semi-supervised instead of unsupervised like GSim. 
The semantic similarity score between the attributes is then 
calculated based on the distribution of their instances over all 
clusters. The similarity is based on an information-theoretic 
measure known as entropy-based distribution (EBD). 
Combining the scores from all attribute pairs between the two 
tables determines 1:1 table similarity. To account for 
hierarchical relationships between the compared attributes, 
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GeoSim employs GeoSimH. GeoSimH executes hierarchical 
matching that uses the GTs of the compared attribute instances 
to calculate the path length between these GTs in a geographic 
hierarchy like an ontology. Both measurements are then 
incorporated by GeoSim into the final EBD calculation as a 
weighted linear combination. 
       Our contributions in this paper are: (1: GeoSim, a 
clustering-based method of calculating semantic similarity 
between geospatial tables and their attributes (2: GeoSimG, 
which introduces semantic and geographic cluster measures 
supporting a consistent similarity score between attributes and 
tables (3:  GeoSimH, which executes a hierarchical matching 
algorithm that captures any relationships that might exist 
between the attributes’  compared tables. 

  The rest of this paper is organized as follows. We next 
discuss related work. We then describe EBD, GD, GeoSimG 
and GeoSimH in detail. After, we present experimental results 
from GeoSimG and GeoSimH and compare them against those 
generated using other popular semantic similarity methods. 
Finally, we outline our future work. 

II.     RELATED WORK 
Among applications that create instance clusters based on 

instance patterns associated with compared attributes are 
Semint [6], iMap [7] and CUPID [14]. Each method attempts 
to match attribute pairs by learning metadata and instance 
patterns. Semint uses neural networks to determine match 
candidates by learning metadata and data value patterns of 
attributes. iMap employs a set of searchers and exploits several 
kinds of domain knowledge to create matches. CUPID derives 
matches between attributes of compared tables by a 
combination of direct comparison and the comparison of their 
representative clusters. All three methods, if applied to 
geospatial schema matching, would produce inconsistent 
similarity values between a pair of attributes. For Semint and 
iMap, this is because the attributes may exhibit completely 
different instance patterns from one geospatial schema to the 
next. For instance, in a given geospatial schema, two attributes 
named “County1” and “County2” might be deemed similar 
because both happen to contain counties that begin with the 
letter pattern “bac*”. However, if many new instances with the 
letter pattern “cel*” were added to  “County2”, then the 
similarity score with “County1” would be greatly affected, 
even though both attributes still would contain only counties. 
This situation can arise often in the geospatial domain because 
county instances cannot be distinctly described by a signature 
letter pattern. Other geospatial attribute types such as cities and 
states cause a similar problem. For CUPID, the problem is that 
their clustering relies on a manual thesaurus lookup to 
determine cluster membership of a schema element. Thus, it is 
not fully automated. Also, CUPID does not use instance 
information. This is problematic because a major problem with 
determining semantic similarity in schemas and ontologies are 
the inaccurate names often used by humans in the design phase. 
     In examining other applications that perform matching 
similar to GeoSim’s hierarchical matching, the following were 
the most closely related. AnchorPrompt[16] performs structural 
matching between concept pairs such that (a: each concept pair 
is contained within one ontology (b: For each concept pair, a 
path of relationships (or slots) connects one concept to the 

other (c: The comparison of concept pairs between ontologies 
is a comparison of the corresponding concepts along their 
respective slot paths. However, these techniques are only 
suitable when comparing concepts between ontologies. 
GeoSim can be applied to both ontologies and databases. Also, 
GeoSim incorporates hierarchical matching in a fully automatic 
way, while AnchorPrompt is semiautomatic, because it offers 
match suggestions and relies on user input for accuracy. 
Similarity flooding[17] computes similarity between two data 
models by converting them to directed labeled graphs, and then 
measuring the similarity of the models' respective 
neighborhoods. While this approach can match data models as 
varied as schemas and instances, it also requires human 
intervention once the matching is complete to correct any 
mistakes. Finally, Maedch and Staab[18] measured the 
semantic similarity between two ontologies at the lexical and 
the conceptual comparison levels. At the conceptual 
comparison level, structural similarity between taxonomies is 
computed based on the overlap of  common concepts. 
Unfortunately, this approach is designed only for ontology 
matching, and does not handle other data models such as 
schemas. 

We compare GeoSim against the related work of Su et 
al.[8]. They introduce HSM, a schema matching tool that 
calculates similarity between multiple web databases via 
attribute matches from their Web query interfaces. To create 
matches, two scores are computed between every pair of 
attributes. First, a grouping score is computed between a pair of 
attributes, determining the likelihood that the attributes 
naturally co-occur in the same Web query interface (ie: ‘City’ 
and ‘State’). Second, a synonym score is computed between a 
pair of attributes. Both of these measures are used to determine 
attributes matches. Despite their similarities, GeoSim provides 
the following benefits over HSM. First, synonym matches in 
HSM rely on exact keyword matching of attributes. GeoSim 
depends on semantic matching via GD and does not use 
keyword matching. Second, instances in HSM are not 
exploited. If this information were used, then it would allow the 
definitions of the keywords to be broadened enough to allow 
for expanded synonymous matching. GeoSim uses instance 
level matching to determine the similarity between compared 
attributes. Third, GeoSim provides a hierarchical matching 
capability that accounts for any structural relationships that 
may exist between compared attributes, tables, or any other 
entities. The presence of relationships between compared data 
can potentially affect their shared semantics in a fundamental 
way. HSM does not appear to support hierarchical matching.  

III.     DETAILS OF GEOSIM 

A. High Level Overview of GeoSim 
The inputs to GeoSim are two schemas (data sources), S1 

and S2, each of which is composed of a set of tables where 
{T11, T12, T13…T1k…T1m} є S1 and {T21, T22, T23…T2j…T2n} є 
S2, with 1<= k <= m and 1 <= j <= n. Next, similarity between 
T1k and T2j is computed by matching each attribute of T1k with 
one attribute of T2j. If T1k and T2j have different numbers of 
attributes, the table with less attributes has each attribute 
matched with an attribute in the compared table. The table 
with more attributes may have >= 1 attributes not involved in 
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any matches. Once all 1:1 attribute pairs have been 
determined, then for each pair, we determine their similarity 
by examining their respective instances and assigning them to 
clusters. GeoSim creates a consistent clustering by using 
semantic and geographic properties of instances. Once the 
instances have been clustered for an attribute pair, similarity 
between the attributes can be calculated. This is based on the 
distribution of attribute instances over all clusters. We use 
EBD to represent the similarity. To calculate the final EBD 
value, we must also account for any hierarchical relationships 
that may exist between the GTs associated with the instances 
of the compared attributes by applying hierarchical GT 
matching. A final EBD is then calculated with the hierarchical 
similarity as a weighted component of the overall similarity 
score. The similarity of tables T1k and T2j is the average of 
EBD values between all of their attribute pairs.  
     Figure 3 depicts GeoSim’s typical flow of control. First, the 
set of 1-1 attribute pairs is determined. We discuss this in 
greater detail in our previous work[19]. From these attribute 
pairs, GeoSim evaluates the semantic similarity between each 
pair by examining the available instances. The first step in this 
process is to apply GeoSimG, the clustering component of 
GeoSim, which functions by employing K-medoid clustering, 
GD and GT entropy. This will be described in Section III.C. 
The end result of this is a similarity (EBD) value based solely 
on the semantic and geographic properties of the instances 
associated with the compared attributes. Next, GeoSim 
leverages GeoSimH, its hierarchical matching component, as 
well as the EBD scores computed for all 1-1 attribute pairs by 
GeoSimG to perform hierarchical matching. This is described 
in Section III.E. The final result of this is an EBD value 
between all attribute pairs that is based on geosemantic 
instance clustering and hierarchical matching. 
 

 
 
                     Figure 3. The complete flow of control in GeoSim 

B. Entropy-Based Distribution 
     Since GeoSim’s clustering and hierarchical matching 
algorithms both lead to semantic similarity scores, we will first 
discuss EBD, our information-theoretic semantic similarity 
measure. EBD is defined as a comparison of the conditional 
entropy of the attribute instances, given a particular type, with 

the entropy of the attribute instances over all types: 
 
 
Here, A is the attribute, coming from either table, and T stands 
for the type of instances. Since we consider the semantic and 
geographic properties of instances, a type is an ordered pair 
(ST, GT). An instance i has a semantic type (ST) S if the 
average GD between i and all instances with a ST of S is lower 
than the GD between i and all instances with a ST of S’ ≠ S.    
A GT for an instance is its geographic type, defined explicitly 
in a gazetteer. We used GeoNames[12] as our gazetteer to 
assign GTs to instances. An EBD has a value = [0,1], with 0 
indicating no similarity between the attributes, and 1 
indicating identical attributes. The greater the similarity in the 
distribution of types displayed by instances between the 
attributes, the higher the EBD. 
     As an example of EBD calculation, consider the attribute 
comparison Road(T1)-Street(T2). Despite the attribute names, 
both attributes contain instances of three different geographic 
types: (1: Interstates (2: County Roads (3: Local Roads. After 
analyzing GD between all instance pairs and GTs of each 
instance, the resulting clusters have these instances:  
 
     Cluster 1:{25 ϵ Road(T1), 20 ϵ  Street(T2)} 
     Cluster 2:{20 ϵ Road(T1), 16ϵ Street(T2)} 
     Cluster 3:{7 ϵ Road(T1), 11 ϵ Street(T2)} 
 
Each cluster is a type. The clusters may be geographically 
pure, or they may contain a few instances with GTs not shared 
by the majority class. For example, it is possible that Cluster 3 
might mostly contain instances of GT ‘Local Roads’ but also 
contain a few instances with a GT of “County Road”, provided 
the average GD of these instances with the other instances in 
Cluster 3 is much lower than the average GD with instances in 
Clusters 1 and 2.  An EBD calculation proceeds as follows. 
First, the entropy is calculated by comparing the number of 
instances between Road(T1) and Street(T2) across all three 
clusters (GTs). There are 52 instances from Road(T1), and 47 
instances from Street(T2), making a total of 99 instances. By 
inserting 52/99 and 47/99 in the entropy equation, the value is 
.998. Next, the conditional entropy is calculated, which is: 

 
 
 
Here, p(a|t) is the probability of an instance belonging to either 
Road(T1) or Street(T2) given its type. The term p(t,a) is the 
probability that an instance has a type t and belongs to either 
Road(T1) or Street(T2). We calculate these for instances in 
each cluster. The conditional entropy value for the example 
above is .986. The final EBD value between the two attributes 
is (.986/.998) = .988. This makes sense, since the instance 
distributions between the attributes for each type are similar. 
 
C.  Google Distance and K-medoid Clustering 
     GeoSimG uses K-medoid clustering, with Google Distance 
(GD) as the semantic distance measure between pairs of 
instances within a cluster. This section will describe GD and 
most of the details of K-medoid clustering, including 
determining the number of clusters and initial seeding. The 

                EBD = H(A|T) / H(A)                              (1)    

(2) 
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formal criteria describing how instances get assigned to 
clusters will be deferred until Section III.D below. 
      GD is formally defined as follows: 

     
     In this formula, f(x) is the number of Google hits for search 
term x, f(y) is the number of Google hits for search term y, 
f(x,y) is the number of Google hits for the tuple of search 
terms xy, and M is the number of web pages indexed by 
Google. GD(x,y) is a measure for the symmetric conditional 
probability of co-occurrence of x and y. In other words, given 
that term x appears on a web page, GD(x,y) indicates the 
probability that term y also appears on that same web page. 
Conversely, given that term y appears on a web page, GD(x,y) 
indicates the probability that term x also appears on that page. 
      The main advantage of using GD for semantic 
comparisons over annotation keyword overlap methods (e.g. 
Jaccard similarity, NMF and other keyword counting methods) 
is that GD considers the co-occurrence of the instances across 
all Web pages that are indexed by Google. This is obviously a 
much larger semantic space than is available with keyword 
annotations manually attached to the instances. The large 
variations in cluster membership between the two trials from 
Figure 1 is far less likely to happen using GD because of its 
reliance on co-occurrence. Even if an instance and its assigned 
cluster medoid did not have any keywords in common, their 
GD would remain low by virtue of the fact that they are likely 
to appear on many web pages together. 
     We used K-medoid clustering, as opposed to K-means 
clustering, since we are clustering instances that are string 
values, and because one of the instances involved in an 
attribute comparison must be a centroid for a given cluster. 
This centroid value is referred to as a medoid. Our 
implementation of the K-medoid algorithm is described as 
follows. It begins by determining the number of clusters K as a 
function of the size of Linstances for each pair of compared 
attributes. Because of the potentially large instance counts for 
the attributes, Linstances is made up of a random sample of 
instances from both attributes. Second, exactly one instance 
from Linstances is assigned to each of the K clusters in a process 
called initial seeding. Each of these instances is then 
considered a medoid for its particular clustering. Third, we 
continuously assign each remaining instance in Linstances that is 
not a medoid to the cluster to which it is most related. The 
exact way in which this is done is discussed in Section III.D. 
For now, it can be said that an instance, inew is assigned to the 
cluster whose medoid shares the smallest combined semantic 
and geographic distance with inew. After all instances have 
been assigned to clusters, we determine if the medoid for any 
cluster needs to be recomputed. This is accomplished by 
examining each of the instances in a particular cluster and 
computing a distance summation between a single instance in 
that cluster and all other instances in that cluster. The instance 
in that cluster that produces the lowest distance summation 
will be assigned as the new medoid for that cluster. If no 
medoids have changed in any cluster, then the K-medoid 
algorithm is finished, and control proceeds to the calculation 

of the EBD. However, if at least one medoid has changed in a 
particular cluster, then we begin a new clustering iteration. 
 
D.   Semi-Supervised Geosemantic Clustering 

     In GeoSimG, semantic similarity is based on semi-
supervised geosemantic (SSGS) clustering. The idea is to 
produce consistent clusters for a given attribute pair using the 
semantic and geographic properties of instances. The semantic 
property is the GD between a pair of instances. The 
geographic property is a GT representing the geographic 
feature associated with the instance. The clustering is semi-
supervised because some of the instances are labeled with 
GTs. Using these, we model a semi-supervised, consistent 
clustering as the minimization of an objective function over all 
instances.  
     The SSGS algorithm begins by determining the number of 
clusters K using instances between the compared attributes. 
We refer to the set of instances over both attributes as I. 
Second, one instance from I is assigned to each cluster as a 
medoid. Third, we assign all remaining instances in I to the 
most closely related cluster. This is done by minimizing an 
objective function for each instance. In unsupervised K-
medoid clustering, the instances have no labels. The objective 
function to be minimized here is based on the distance 
between an instance and its corresponding cluster medoid. 
This is formally illustrated as follows. Given K clusters {C1, 
C2….Ck} and a set of instances In = {i1, i2,….in) to be assigned 
to the K clusters, the objective function to be minimized is: 
 
 
  where ui is the medoid for cluster C and ||x – ui||2 is the 
distance between instance x and ui. This is the semantic 
distance between an instance and a medoid, or GD. Taken over 
all instances in a cluster, this value is known as the semantic 
purity of the cluster, or ImpS.  
      We also take into account the GT when assigning each 
instance to its appropriate cluster. We want each cluster to (1: 
contain instances which are semantically related to one 
another and (2: be as geographically homogenous as possible. 
The minimization of the objective function consists of both the 
semantic purity measure, ImpS, and the geographic purity 
measure, ImpG. For a cluster Ci, ImpG is expressed as: 
 
 
 
where      is the prior probability of GT t. In equation 5, |Ci(t)| 
indicates the number of instances in cluster Ci that have a GT 
of t. While T can represent any number of GTs that are 
represented in a cluster Ci, in our experiments, we set T = 2. 
This is because for determining geographic purity of a cluster, 
we only care about the number of instances with a GT 
matching the GT of the medoid. As an example, for a cluster 
with a medoid having a GT of “road”, if 10 of the instances in 
the cluster have a GT of “road”, while 5 of the instances have 
a GT of “lake” and 5 instances have a GT of “grassland”, then 
we consider all of the instances to fit into two possible classes: 
those with a GT = “road”, and those with a GT ≠ “road”. The 
number of actual GTs represented within the cluster is 
irrelevant. Because T = 2, this means that the maximum value 
of ImpG (Ci) is 1. This gives ImpG a range of [0,1]. Based on 

OKmedoid  =    (4) 

ImpG (Ci) =   where 

(3) 

 (5) 
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the work of [9], the objective function used by GeoSimG to 
evaluate the clustering produced by the SSGS algorithm once 
all instances are assigned is: 
 
 
ImpS is the semantic purity of the cluster =  , 
ImpG is the geographic purity of the cluster and Wi is a 
weighting factor for cluster i. In GeoSimG, clusters with more 
instances are given more weight, since they are more invested 
in the EBD calculation. The weight assigned to a given cluster 
is Wi =  . This says that the weight assigned to a 
cluster is based on the semantic purity of its instances. 
     Once we have assigned all instances from I to clusters, the 
SSGS algorithm determines if any cluster medoids need to be 
recomputed. To do this, we examine a given instance in a given 
cluster Ci and compute ImpS. After doing this for all instances, 
if the current medoid produces the lowest ImpS value, then 
GeoSimG checks ImpG for Ci. If ImpG < λ, where λ is a 
geographic purity threshold, and the GTs shared by the largest 
class of instances in the cluster is the same as the GT of the 
medoid, then Ci has an acceptable clustering. In our 
experiments, we set λ = .05. If we achieve this over all clusters, 
then we have minimized OSSGS. Otherwise, another iteration of 
SSGS needs to be executed. This process continues until all 
clusters collectively minimize OSSGS and individually satisfy λ.  
     The time complexity of the SSGS algorithm is O(K|Ci|2), 
where K is the number of clusters and |Ci| is the number of 
instances in cluster Ci. The most expensive step is determining 
if a cluster is optimal. Computing ImpG takes O(1) time, since 
we keep a vector of ImpG values for each cluster that is updated 
when a new instance is added. GD and GT values can be 
looked up in O(1) time. 

 
E.    Hierarchical GT Matching 
     Until now, we have ignored whether the GTs of the 
instances from each of the compared attributes are related to 
each other. If the instances do not share any GTs, then this is 
not a concern. However, it must be considered for a 
comparison of att1-att2, where att1 belongs to a table ‘Lake’ 
and att2 belongs to a table ‘Pond’. Although the GTs do not 
strictly match, a lake is closely related semantically to a pond. 
Therefore, the EBD score between the attributes should reflect 
this relationship. 
      To account for this, we introduce a term into the equation 
for calculating EBD that represents the structural similarity 
between the GTs of the instances making up the compared 
attributes. The equation is: 

 
 

where EBD is the value computed by GeoSimG, Webd is a 
weighting factor for the EBD value, Simstruct is the structural 
similarity between the GTs of the compared attributes, and 
Wstruct is its weighting factor. The weighting factors when 
summed together will equal 1.0.  
     Each attribute involved in a comparison is associated with 
>= 1 GTs, based on the GTs of its instances. If the GTs are 
represented in a hierarchy like an ontology (with each GT 
representing a concept), then Simstruct between two attributes 

can be calculated by measuring the path length from one GT to 
another over all distinct GT pairings between the instances of 
the compared attributes. The average path length over all 
distinct GT pairings is taken to be the final value of Simstruct. 
     Though there are many ways to measure path length, we 
used a normalized, geospatial version of the Leacock-
Chodorow method (LDC)[10] called LDCG. LDC takes into 
account the WordNet-based path length between two concepts, 
as well as the depth of the WordNet hierarchy from the root 
node to the most distant leaf node, to calculate structural 
similarity. In order to adapt the LDC measure for the geospatial 
domain, LDCG calculates the depth of the geospatial ontology 
that models the GTs of the attribute instances. Other than this, 
the formula for LDCG is calculated just like LDC. 
     Popular alternatives to LDCG are Lin Similarity and the 
Banerjee and Pedersen Measure (BNP)[10]. Both measures are 
used in semantic similarity calculations in many domains. For 
the geospatial domain, we claim that LDCG is more suitable 
than Lin and BNP, because they both rely on a WordNet based 
measure called Information Content (IC). IC is calculated 
based on word frequency in the British National Corpus 
(BNC). However, the coverage of geographic feature names in 
the BNC is poor, so the IC values used for Lin and BNP will 
not be accurate. Since LDCG relies entirely on the structure of 
geospatial ontologies, it avoids these problems. 
     As an example of LDCG, Figure 1b depicts a portion of the 
ADL gazetteer’s GT hierarchy for hydrographic features. A 
comparison between ‘River.name’ and ‘Stream.name’ has a 
path length of 1; with a depth of 3, the normalized LDCG value 
will be 1.0. For more dissimilar concepts, such as ‘Wash’ and 
‘Spring’, the path length will be higher (3), which leads to a 
lower LDCG value. 

 
                                   IV.     RESULTS 

     We now present the results of semantic similarity 
experiments over compared geospatial schemas demonstrating 
the superiority of GeoSim over several popular approaches. 
The first experiment compares the semantic similarity results 
of attribute mapping by GeoSimG against four methods used in 
the data mining community over two separate geospatial 
datasets. They are: (1: N-grams (2: nonnegative matrix 
factorization (NMF) (3: singular value decomposition (SVD) 
(4: GSim. The first three methods rely on keyword counts to 
produce their scores. Also, no relationships exist amongst the 
tables, so GeoSimH cannot be applied here. The second 
experiment compares the ability of these methods to produce 
consistent clusters by depicting the variance in their precision 
and recall scores. The third experiment evaluates the 
hierarchical matching capabilities of GeoSimH over two data 
sources taken from the Geographic Names Information 
System (GNIS), maintained by the USGS. In addition to 
measuring the effectiveness of GeoSimH when added to 
GeoSimG, we also compared the effectiveness of LDCG 
against Lin similarity. 

A.      Data Details 
     Figure 4 lists details of two data sources that were used for 
the first experiment. Table names are listed either individually 
or in pairs within a cell. When a pair of tables is in one cell, 

OSSGS =  (6) 

 (7) 
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the tables are semantically similar, while individual tables do 
not semantically match with another table. The GIS 
Transportation Dataset (GTD) was created from the Road and 
Ferries package of the Geographic Data Files data model[13]. 
The GIS Location Dataset (GLD) describes points of interests 
like flight schools, piers, and Indian lands. Both datasets vary 
in the number of attributes, number of instances, and 
geographic areas modeled. Both datasets are 
multijurisdictional and share no instances, so table similarity is 
based entirely on semantic matching. 
     For the second experiment, we tested GeoSimH by 
matching table attributes over two data sources gleaned from 
the GNIS. The first data source, the POI dataset, consists of 
points of interests taken from US geographic areas. The 
second data source, the HYDRO dataset, focuses on natural 
and manmade hydrographic features in the US. The number of 
instances per table in each data source varies widely. In POI, 
the largest is Locale(49735) and the smallest is Trading_Post 
(69). In HYDRO the largest is Hydrographic_Structure 
(154532) and the smallest is Slough (131). Furthermore, using 
the ADL gazetteer and inherent relationships within the two 
data sources, we devised a GT ontology for both datasets. The 
GT ontology for POI is shown in Figure 5, and the GT 
ontology for HYDRO is shown in Figure 6. 

           The ground truth of a data source lists the attribute pairs that 
are deemed semantically similar according to human experts in 
the geospatial domain. For the first experiment, the ground 
truth for GTD has 29 correct attribute matches across all table 
comparisons, while the ground truth for GLD has 52 correct 
attribute matches. For the second experiment, the ground truth 
for POI has 32 correct attribute mappings, while the ground 
truth for HYDRO has 27 correct attribute mappings. It should 
be noted that in the first experiment, valid attribute matches 
exist between tables that do not semantically correspond. 

 

 

 

 
 

 

 

 

 

 
 

 

B.        GeoSimG vs. N-grams, NMF, SVD & GSim 
     In the first experiment, we measured the effectiveness of 
GeoSimG versus N-grams, NMF, SVD and GSim for 
determining the semantic similarity of compared tables over 
different data sources. For all experiments involving N-grams, 
N=2. The results of this experiment are displayed in figure 7. In 
the figure, P = precision, R = recall and F = F-measure. The 
effectiveness of each similarity measure with respect to a 
particular data source was quantified using F-measure, since it 

takes into account both precision and recall. For GTD, the F-
measure generated by GeoSimG outperforms N-grams .83-.44, 
SVD .83-.13, NMF .83-.25 and GeoSimG .83-.71. For GLD, 
GeoSimG outperformed N-grams .79-.09, SVD .79-.17, NMF 
.79-.22, and GSim .79-68. 

 
 

 

 

The use of both semantic and geographic clustering criteria 
improved GeoSimG’s F-measure over GSim in GTD and GLD 
by 17.0% and 16.2%, respectively. 

 
Figure 7. Precision, recall and F-measure scores produced by N-grams, SVD, 

NMF, GSim and GeoSimG over GTD and GLD 

C.      Measuring Clustering Consistency 
    In the second experiment, the clustering consistency of N-
grams, SVD, NMF, GSim, and GeoSimG were determined by 
measuring the variance in their generated precision and recall 
scores over the GTD and GLD data sets. The variances were 
generated after 50 trial runs for each attribute comparison. 
Figure 8 shows the results. As can be seen, the variances for 
the precision and recall of GeoSimG in both datasets are less 
than those produced by the other methods. For precision in 
GTD, GeoSimG’s variance is 60% less than N-grams (.10-.25), 
33% less than SVD(.10-.15), 47% less than NMF(.10-.19), and 
47% less than GSim(.10-.19). For precision in GLD, 
GeoSimG’s variance is 82% less than N-grams (.08-.44), 47% 
less than SVD(.08-.17), 71% less than NMF(.08-.28), and 68% 
less than GSim(.08-.25). For recall in GTD, GeoSimG’s 
variance is 84% less than N-grams (.06-.37), 78% less than 
SVD(.06-.27), 82% less than NMF(.06-.33), and 33% less than 
GSim(.06-.09). For recall in GLD, GeoSimG’s variance is 33% 
less than N-grams (.04-.06), 80% less than SVD(.04-.20), 82% 
less than NMF(.04-.22), and 64% less than GSim(.04-.11). 

 
Figure 8. Variances in precision and recall produced by N-grams, SVD, NMF, 

GSim and GeoSimG over GTD and GLD 

D.      Incorporating Hierarchical Matching 

     In the third experiment, we applied hierarchical  matching 
to pairs of attributes in tables taken from the USGS’ GNIS 
data source. The attributes contained GTs that are part of a 
geographic hierarchy. First, we measured the improvement in 
semantic similarity by incorporating LDCG into EBD. Here, 
Webd = Wstruct = .5. Figure 9 depicts the precision, recall and F-
measure generated by GeoSimG alone(EBD) and GeoSimG + 

 
Figure 4. Description of GTD (left) and GLD (right) 

 

Figure 5. POI Ontology 

 

Figure 6 HYDRO Ontology 
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GeoSimH (EBD + LDCG, or EBDrel) over POI and HYDRO. 
While the precision values remain largely unchanged, 
incorporating LDCG into the semantic similarity calculation 
clearly increases recall. Thus, F-measure increased over POI 
and HYDRO. For the POI dataset, adding LDCG increased 
recall by 38.7% (.406 to.563) and F-measure by 24.6% (.578-
.720). For the HYDRO dataset, LDCG increased recall by 
274.7% (.068-.186) and F-measure by 243.9% (.127-.310). 
     We also compared LDCG to Lin similarity. Lin is a 
WordNet-based measure computing a ratio between the 
information content (IC) of the least common subsumer of the 
compared words and the IC values of the compared words.  
     While Lin is suitable generically, our experiments show 
that LDCG is more suitable in the geospatial domain. Figure 
10a shows the F-measure computed by EBD+LDCG and 
EBD+Lin over the POI dataset. Webd took on values from 0 to 
.50. The remaining weight was assigned to either LDCG or 
Lin. For each value of Webd, LDCG outperforms Lin. The 
average F-measure of EBD+LDCG was .825, while for 
EBD+Lin it was .522; LDCG improved F-measure by 58%. 
Figure 10b shows F-measure computed by EBD+LDCG and 
EBD+Lin over the HYDRO dataset. The average F-measure 
of EBD+LDCG was .318, while for EBD+Lin, it was .191. 
EBD+LDCG increased F-measure by 66%. 

 
 
 
 
 

 
 
Figure 9. Precision, Recall and F-measure generated by EBD and EBD+LDCG    

                           over the POI and HYDRO data sources 
 
 
 
 

 
 
 

Figure 10a and 10b. (10a, left): F-measure scores generated by EBD+LDCG 
and EBD+Lin over 5 different values of Webd in the POI dataset (10b, right): 

Same as 10a, but for HYDRO dataset 
 

V.      CONCLUSION 
In this paper, we described GeoSim, a tool for matching  
heterogeneous geospatial schemas. This is accomplished using 
GeoSimG, with its SSGS clustering that minimizes OSSGS and 
GeoSimH, which performs hierarchical GT matching. Future 
work is as follows. First, we will address attribute matching 
when many instances do not have a GT. Second, we will 
enhance GeoSim such that attributes matches can be made 
using the Geospatial Semantic Web. Finally, we will develop a 
1:N matching algorithm, matching 1 attribute in 1 table with 
multiple attributes from another table. 
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