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ABSTRACT 
 
Geographic information is one of the most important and the most common 
types of information in human society. It is estimated that more than 70% of all 
information in the world has some kind of geographic features. In the era of 
information explosion, information retrieval (IR) tools, such as search engines, 
are the main tools people used to quickly find the information they need 
nowadays. Because of the importance of geographic information, recent efforts 
have been made either by expanding the traditional IR to support a spatial query, 
or building a GIR in a brand new architecture from the ground such as the 
SPIRIT project. To some degree, these existing GIR systems could solve users’ 
information search need with a spatial filter, especially when the users are 
looking for information on something within a relatively large extent.  
Despite its advantage on processing geographical information and queries over 
conventional IR systems, modern GIR systems are also facing challenges 
including a proper representation and extraction of geographical information 
within documents, a better information retrieval model for both thematic and 
geographical information, a fast indexing mechanism for rapid search within 
documents by thematic and geographical hints, and even a new architecture of 
system.  
The objective of this licentiate research is to provide solutions to some of these 
problems in order to build a better modern GIR system in the future.  The 
following aspects have been investigated in the thesis: a generic conceptual 
framework and related key technologies for a modern GIR system, a new 
information retrieval model and algorithm for measuring the relevance scores 
between documents and queries in GIR, and finally a new better indexing 
technique to geographically and thematically index the documents for a faster 
query processing within modern GIR.   
Concerning the proposed conceptual framework for modern GIR, it includes 
three modules: (1) the user interface module, (2) the information extractor, 
storage and indexer module and (3) the query processing and information 
retrieval module. Two knowledge bases, Gazetteer and Thesaurus, play an 
important role in the proposed framework. A digital map based user interface is 
proposed for the input of user information search needs and representation of 
retrieval results. Key techniques required for the implementation of a modern 
GIR using the proposed framework are a proper representation of document and 
query information, a better geographical information extractor, an innovative 
information retrieval model and relevance ranking algorithm, and a combined 
indexing mechanism for both geographical and thematic information.  
The new information retrieval model is established based on a Spatial Bayesian 
Network consisting of place names appeared in a single document and the 
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spatial relationships between them. The new model assesses the geographical 
relevance between GIR document and query by the geographical importance and 
adjacency of the document geo-footprint versus the geographical scope of the 
user’s query.  
Regarding the indexing mechanism for modern GIR systems, a Keyword-Spatial 
Hybrid Index (KSHI) is proposed for the single and overall geo-footprint model, 
in which there is only one single geo-footprint for each document to retrieve 
from. A Keyword-Spatial Dual Index (KSDI) is proved to be more appropriate 
for a GIR system which allows for multiple geo-footprints within a single 
document.  
In addition to theoretical analysis, necessary experiments have also been carried 
out to evaluate the efficiency of proposed new information retrieval model and 
indices. Both the theoretical analysis and results of experiments show the 
potentials of proposed solution and techniques.  
 
 
KEYWORDS: Information Retrieval, GIR, Framework, Indexing, Retrieval 
Model 
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1 INTRODUCTION 
 
Geographical Information Retrieval (GIR) is about the theories and technologies 
to enable conventional information retrieval systems (i.e. web search engine) to 
better answer users’ queries bearing some sorts of geographical (or spatial) 
semantics. 
In order to cope with the information explosion brought by the invention and 
wide-spreading of World Wide Web (WWW), most people have got accustomed 
to use modern Information Retrieval (IR) systems to search for information 
needed from the Internet or other information repositories.  Under most 
circumstances, with the help of web search engines, one can quickly find nearly 
all kinds of information from tons of web pages published on the Internet, 
including information for scientific research, everyday life, entertainment, 
financial aid, work, etc. Nowadays, people are actually getting more and more 
relied on information retrieval systems, such as Google and Yahoo web search 
engines, so that these main IR tools have somehow changed the way that people 
think, and further the way to make a decision or take an action. These web 
search engines do help people to find information quickly in most cases, but not 
in all cases. The search engines’ inability to conduct efficient searches is either 
caused by their incapability of understanding people’s information requests 
expressed in search phrases of human natural language, or by their incapability 
of understanding or extracting the true semantics contained in web pages to 
retrieve. Among the cases in which current web search engines could not 
successfully handle, the search for information from WWW through hints of 
geographical (or spatial) references is one of the most noticeable cases.  

1.1 Rationale for the research 

 
Figure 1.1 BBC News Front Page (source: http://www.bbc.com)  
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If browsing the news front page of BBC, one can see a geographically 
categorized list of news presented on the left panel of the web page, as shown in 
above Fig. 1.1. Under each category, all the BBC news related to this 
geographical region, such as Europe, Americas, Africa, Asia and so on, are 
contained inside. Hence a reader will quickly find the news that happened in the 
region of his/her interest. Actually, for many other kinds of information, 
geographical tagging and categorizing is also widely adopted. It is indeed a very 
natural and intuitive way to organize information such as news in such a 
geographical manner, because people tend to tailor their reading by directing 
their targets within a smaller and more specified group, and geographical 
location is a good hint to do the categorization. With the prevalence of 
geographical information science (GIS), more and more people realize that 
applying the geographical information is a rather convenient and straightforward 
way to organize information. For example, when sorting information, it is 
natural for people to choose the places associated to each piece of information 
(such as where the event happened, or where it is mentioned, etc.) as one of the 
sorting factor. Recently, the information technology (IT) industry has also 
noticed the importance of geographical information, and consequently 
developed many popular applications utilizing geographical information. Many 
online IT services have already been equipped with geographical functionalities 
aiming to provide their customers a better experience on organizing, sharing and 
representing related information, such as photo geo-tagging in Flickr web album, 
location based service (LBS) applications in FaceBook, etc. Geographically 
tagged photos enable people a convenient way to share the stories behind photos 
with the spectators, by specifying where the story in your photos happened via 
geo-tags. Another example could be the use of geographical information in 
social network systems (SNS) like FaceBook and MySpace. On these social 
network systems, people always like to name their social groups by the 
corresponding geographical regions. More specifically, on FaceBook, one could 
also geographically present the places he/she has been to through a LBS 
application named “Where I’ve been”. It could be concluded that nowadays 
geographical information is playing an important role in the community and 
industry of information service and technology. While enjoying the convenience 
brought by information services with geographical location based functionalities, 
people also begin to suffer from the overhead of efficiently managing and 
manipulating such a large amount of geographical information aroused by 
corresponding new functionalities (Ponce-Medellín et al., 2009). With the 
growing in amount of geographical information (such as geo-tags, place names, 
address texts, telephone numbers, zip codes, etc.) that is contained in various 
documents, people would like to use the conventional IR tools to retrieve 
information by the geographical hints associated. 
Generally speaking, all information contained in a document for retrieval could 
be classified into two groups: geographical information and thematic 
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information. Geographical information denotes the information which refers to 
or is associated with a certain location or region on the earth’s surface. Good 
examples of geographical information in documents of human natural language 
are place names, street address texts, telephone numbers and zip codes. 
Thematic information will take over the remaining part of a document’s content 
and in most cases represents the objects, events and people being discussed by 
this document. Basically, these two kinds of information are different from each 
other and deserve two different ways of processing. But usually geographical 
information in conventional IR systems is equally treated as other ordinary 
(thematic) contents. It means when being searched, the texts bearing 
geographical semantics are only literally compared with the keywords from 
users’ queries, leaving the potential geographical semantics ignored. As a result, 
users are not always satisfied with the answers to their queries with geographical 
semantics from conventional IR systems. At the same time, most existing GIS 
products are  too complex and specialized to use for ordinary people, who might 
not have adequate knowledge in the field of geographical information science 
and software systems. To use these specialized GIS products, people need 
extensive training, not only to get familiar with the terminology of system 
designers, but also to understand the formalizations used to represent 
geographical data and to derive geographical information (Egenhofer and Mark, 
1995). Even skilled GIS specialists often need to be educated before they can 
use a certain kind of GIS software that they are not familiar with. Concerning 
this problem, one promising solution is an effective integration of conventional 
IR technology and GIS, because the conventional IR has gained great success 
for its widely accepted usability. 
As a matter of fact, in the past ten years, some good attempts have already been 
made, trying to combine GIS functionalities with the conventional IR systems 
(Larson, 1995; Chen et al., 1997; Buyukkokten et al., 1999; Alanni et al., 2001; 
Larson and Frontiera 2004; Jones et al., 2002, 2003, and 2004; Google Earth, 
Maps, and Local Search, 2008). For example, taking a further advantage of the 
benefit brought by geo-tagged information organizing approach, the digital earth 
products are developed. Such products not only provide a brilliant geo-
visualization of earth surface using remote sensing images, topographical maps 
and 3D models of group features, but also provide a great user interface (UI) to 
enable users efficiently explore various information related to locations on earth 
surface. The digital earth products could automatically aggregate all the 
information in a geographical way so that when user view a certain region on 
earth surface, the associated information, such as photos, Wikipedia pages, news, 
etc., is also presented in an easily accessible way. These digital earth products, 
like Google Earth and NASA World Wind, could also serve as a convenient user 
interface for handily figuring out users’ information search requests related to 
certain locations on earth. For instance, a user could choose a region of interest 
on the earth surface, and then receive all the latest news related to this region of 
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interest. More advanced search tools using geographical information could be 
found in the local search or map search component of popular web search 
engines, such as Google, Microsoft Live Search, Yahoo, and so on. 
Although digital earth products and local search tools have been widely 
accepted, most of their users don’t even have basic concepts of GIS. An 
important reason is that such products and tools serve the GIS functions in the 
same simple, user-friendly and convenient way as conventional IR systems, 
while hiding behind the complex computation that makes the system more 
powerful and intelligent. The popularity of digital earth products and local 
search tools gives ordinary people a general idea of what GIS is and how it 
could be useful. The consequence is that when talking about GIS, most people 
recognize the Google Earth as a GIS system, although it only has a few real GIS 
functionalities. Hence, Google Earth’s success also arises a fresh thinking 
(Aitken and Valentine, 2006; Miller, 2006) in the GIS community on how to 
improve its own services in a way that could be more widely accepted by the 
public, hence people could indeed benefit from the useful and dedicated 
geographical data analysis and visualization tools of GIS. Therefore for GIS 
community, the challenge from Google Earth could turn into a good opportunity 
to develop a better GIS for the next generation. For the conventional IR service 
providers, more GIS principles and functionalities need to be migrated and 
embedded into their search engines, with the increasing demand among users 
regarding the process, analysis and visualization of geographical information. 
From these two aspects, GIR could have a good chance to be an important trend 
for the future research and industry of both GIS and conventional IR fields, 
because it will incorporate all the useful GIS functionalities into conventional IR 
to help process the IR queries bearing geographical semantics, but providing the 
same natural and easy user interface as the conventional IR systems. 
Furthermore, special improvements could also be made to the conventional IR 
systems on a new dedicated UI as well as the information retrieval model for a 
better management and manipulation of geographical information contained in 
documents for retrieval. 
So there is a call for an efficient combination of conventional IR and GIS 
technologies in order to build a new geographically enabled IR system or an IR 
powered GIS system. Both GIS and conventional IR will play their important 
role in this new system. Comparing to conventional IR systems, GIS knows 
better on how to store, represent, analyze and reason on the geographical data 
and knowledge. These functionalities are highly required for conventional IR to 
understand the geographical semantics contained in both the queries and 
documents, and finally produce more satisfactory answers in response to users’ 
information search need. Geographical visualization techniques could also be 
used for reference while improving the representation of search results 
according to their geographical locations. Conversely, conventional IR 
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techniques are doing quite well in extracting, storing, indexing, and querying the 
information contained in the huge amount of documents published on the 
WWW. Many natural language processing (NLP) and artificial intelligence (AI) 
technologies have also been developed and applied in conventional IR to better 
understand the information contained in texts of human natural language.  
Thus related research and development efforts, activities and achievements have 
given birth to a new cross-discipline research area of computer science and 
geographical information science. This new area is so-called the Geographical 
Information Retrieval (GIR). The existence and importance of geographical 
information within text documents has been recognized in earlier 1960s (Brinker, 
1962). Efforts of research regarding this geographical issue in conventional IR 
and digital library fields have been devoted to the aspects of text-based geo-
referencing of documents (Brinker, 1962; Farrar and Lerud, 1982; Holmes, 
1990), and consequent geographical indexing approaches (Byron, 1987; Hill, 
1990; RLG, 1989). Until mid-1990s, Larsson first used the word “GIR” to name 
this new research area in his paper (Larson, 1995), where he also gave a clear 
definition to GIR, and made a thorough comparison between it and conventional 
IR technology. Since then, there have already been many other meaningful 
attempts coming up in this field from both the academic and industrial 
communities. Geographical ontology, geographical knowledge base, 
geographical semantics and qualitative spatial reasoning are some of the hottest 
and most beneficial research issues from the Geo-Science perspective. In the 
academic and industrial communities, the Geo-tagging (GeoTags, 2002), the 
SPIRIT project - a spatially aware information search engine on the Internet 
(Jones et al., 2002, 2003, and 2004; Purves et al., 2007; Frontiera et al., 2008;) 
as well as local search products are becoming more and more active these days. 
Due to the importance of gazetteers and geographical thesaurus for GIR systems 
(Jones et al., 2001; Souza et al., 2005; Volz et al., 2007; Jones and Purves, 
2008), several such resources have been developed and now are ready by hand, 
such as the WhoIS databases, WordNet, TGN - Getty Thesaurus of Geographic 
Name, GEONet Name Service (GNS), Geographic Names Information System 
(GNIS) and so on. Meanwhile, one should have realized that the local search or 
map search service has been one of the common building blocks for the modern 
web search engines, including the Google, Microsoft, Yahoo, Ask, Baidu and so 
on.  
In despite of these good attempts and products in the GIR field, there are still 
many problems remaining (Jones and Purves, 2008). For instance, not all the 
information published on the WWW could be geographically retrieved using 
current GIR products. Most local search tools provided by popular web search 
engines adopt a manual or semi-automatic approach to link web pages to a 
certain location on earth. Furthermore, due to the limitation of the built-in 
geographical information extractors, these local search or map search tools 
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could only extract a small portion of geographical information embedded in the 
web pages. Although semi-automatic or automatic extractors could greatly speed 
up the process of collecting geographic information from web pages, the 
efficiency is not satisfactory. In most cases, there might be more than one place 
appearing in a single document and current GIR tools always treat these 
geographical locations independently. It might result in loss of information 
brought by the co-occurrence of certain places.  Regarding the information 
retrieval models, a new dedicated IR model is highly needed to better measure 
the relevance between the query and candidate documents from both the 
geographical and thematic perspective. Such similarity scores could then be 
used to tell whether a document is relevance to the user’s query as well as its 
location in the result list. Practically, an efficient indexing of both the 
geographical data and the textual data in GIR is also vitally important for its 
success. It is because GIR will always be served as an online system, and thus 
the library of documents to retrieve are extremely large, and concurrent IR 
requests will also be quite heavy for an online system with a large group of users. 
Finally, similar as conventional IR systems, the evaluation of GIR systems is 
still remained a notable challenge among the various components of a GIR 
system, as well as evaluation of performance among different GIR systems as a 
whole respectively (Bucher et al., 2005; Gey et al., 2007).  
Although we are facing many problems in the GIR area, challenges could also 
turn into opportunities. Thus this licentiate thesis aims to find new solutions to 
some of these problems, as well as some in-depth analysis about the important 
aspects of GIR. I hope that the research conducted in this licentiate thesis could 
provide useful references and inspiration for current search engine vendors. 
Hence, it could possibly help them to improve their products with better IR tools, 
which could answer users’ IR queries bearing geographical semantics. 

1.2 Objectives and research scope of this licentiate thesis 
The objectives of this licentiate thesis are to provide a generic conceptual 
framework and related key technologies for a modern GIR system, a new 
information retrieval model and algorithms for measuring the relevance scores 
between documents and queries in GIR, and finally a new better indexing 
technique to geographically and thematically index the documents for a faster 
query processing within modern GIR.  
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Figure 1.1 Finished and remaining parts of work 

These three aspects (as shown in Fig. 1.2) of building a better modern GIR 
system are covered in the research work of this licentiate thesis. More detailed 
explanation on the three research issues are presented below. 

• The conceptual framework and key technologies of a modern GIR 
system 
In most information systems, a conceptual framework is always needed as 
the first guideline to build a system. Usually, the conceptual framework will 
include the key technologies required to build an information system, as well 
as the schema of cooperation among involved technological components 
within the system. Such a schema of cooperation is also represented as a 
graph of system architecture. Many modeling languages and tools (e.g. UML) 
could help here to specify the conceptual framework for an information 
system during the stage of preliminary design, according to the notion of 
software engineering. Since the conceptual framework and architecture is 
vitally important for information systems, it is certainly necessary to find a 
generic conceptual framework and explore the needed key technologies for 
modern GIR systems. Hence, as presented in Chapter 1, the system 
architecture of a modern GIR system and corresponding key techniques 
required are examined and researched, based on some existing cases in GIR 
systems (e.g. Jones et al., 2004; Klein et al., 2004; Markowetz et al., 2005;). 
A framework is proposed in this part of research work. Inside this proposed 
architecture for modern GIR systems, these key techniques that are required 
could corporate with each other well and form a complete GIR system. The 
whole system consists of the geographical information extractor, query 
management module, information retrieval module, data indexing and 
storage module, and necessary supporting geographical knowledge bases. 
The work in this part could serve as a preliminary guideline to build a GIR 
system in reality. 
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• A new information retrieval model and algorithm for the modern GIR 
system 
A successful IR system should make it best to “retrieve on the basis of what 
people mean in their query, not just what they say”. Hence, given an IR 
request, the IR system needs to find out the documents, which might be 
potentially most helpful for the user regarding his information need 
expressed via query phrases. 
Thus, given the fact that there are always more than one place (in GIR it is 
called geographical footprints) contained in a single document, this part of 
research work first proposes the multiple-geofootprint model to represent 
geographical information contained in web documents to retrieve. 
Comparing to the single-geofootprint model and overall-geofootprint model, 
the proposed multiple-geofootprint model could avoid the problems of 
underestimation and overestimation while representing the geographical 
information within web documents. But it requires a brand new IR model to 
make good uses of the abundant geographical information. Consequently, 
based on this multiple-geofootprint model, a new IR model and algorithm is 
invented, trying to better measure the relevance of candidate documents to 
user’s information search need, from the geographical perspective. Thanks 
to conventional IR systems, measurement of thematic relevance scores 
between documents and a user’s query could be achieved sufficiently, e.g. 
the BM25 approach (Robertson et al., 2004).  
Providing that the geographical and thematic relevance scores could be 
correctly measured, the next question is the way in which they could be 
combined to see how much degree the retrieved documents could meet the 
information need of users. As a result, this part of research work also 
presents a new attempt on looking for a suitable approach to combine those 
two relevance scores inside a GIR system. Possible solutions could be query 
expansion and dynamic ranking, according to the semantic context of a 
user’s query. Statistical data from the users’ feedback could also provide 
important hints to how well a certain combination approach works. The 
approach for combination proposed in this thesis is based on the logistic 
regression. Important factors, which indicate the important aspects and 
potential preferences in user’s information search need, are extracted to 
build the logistic regression model for combination of relevance score. 
Eventually four factors are proposed, and they are the geographical and 
thematic relevance scores between documents and the user’s query, and the 
two specialties of a user’s query from geographical and thematic 
perspectives. Manual interpretation of the relevance between samples 
documents and queries was carried out in order to train this regression model. 
After that, this logistic regression model could be utilized to produce an 
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overall evaluation for each retrieved document on how it is matching with 
the user’s query.  
A starting discussion of the proposed IR model is first given in Chapter 3 
during the introduction of the architectural framework and key technologies 
of a modern GIR system. More detailed explanation, analysis and discussion 
could be found in Chapter 4. Some future work regarding this issue could be 
found in Chapter 6. 

• A new better indexing technique for modern GIR system 
In order to speed up the query processing in the GIR system, we need to 
thematically and spatially index the data grabbed and stored in our system. 
Among the various full-text indexing techniques, the inverted file is the most 
dominant one; while spatial filling curve (SFC) and R-tree family are the 
spatial indexing mechanisms being widely adopted to index spatial data. A 
typical query in GIR system will be in the form of 

 

< what, rel, where >. In such a 
query, 

 

what  specifies the thematic topic of the user’s interest (TOI),

 

where tells 
the location or region of the user’s interest (ROI), and finally the 

 

rel  
describes the spatial relationship between TOI and ROI. So to process a GIR 
query will always require search operations among the candidate documents 
in both the geographical and thematic dimensions. Therefore, we need to 
build indices for documents in both dimensions. At the beginning of the 
research work in this part (presented in Chapter 5), four possible indexing 
approaches were presented first. For each solution, a brief explanation on the 
index structure and schema for processing GIR queries was also provided, 
together with a rough cost estimation. However, the choice of a proper 
indexing mechanism varies among different representation models of 
geographical information within documents to retrieve. For the single-
geofootprint and overall-geofootprint model, it was found that the hybrid 
indexing technique combining the SFC and inverted file structure could 
provide satisfactory performance with least change to GIR built upon a 
conventional IR system, which uses the inverted file structure for the 
indexing of textual content. But it is another story concerning the multiple-
geofootprint model. From the result of experiments carried out for these 
issues, it is found that the dual indexing approach has the potential to 
outperform the other three, especially with the growing of the size of 
document library and the average number of geographical footprints 
contained in each document. 

However, in addition to the above three aspects, some other modules are also 
needed to be built and improved, in order to fulfill a complete modern GIR 
system with better performance. The parts involved in this licentiate thesis and 
the remaining unfinished parts needed to build a better GIR system are 
illustrated in the Fig. 1.2. The remaining parts require adequate knowledge and 
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techniques from natural language processing (NLP) field. Furthermore, more 
implementation work needs to be done on all the parts. Due to the limitation 
(explained in section 1.3 of this chapter) of this licentiate thesis, these remaining 
parts will be covered in the next stage of author’s PhD study as the doctoral 
thesis. 

1.3 Limitation of this licentiate thesis 
A complete GIR system will basically consist of a (geographical and thematic) 
information extractor, query management module, information retrieval module, 
data indexing and storage module, and necessary supporting geographical 
knowledge bases. Challenges exist in all these components for current GIR 
systems. Due to the limited time, research effort and researcher’s knowledge 
during the period of licentiate study, except the research work in the system 
architecture of modern GIR, the remaining parts of research work presented in 
this thesis only deal with the problems in some selected modules. That is to say 
not all the modules of a complete modern GIR system will be covered in this 
thesis. Due to the researcher’s lack of sufficient background knowledge in NLP 
techniques, the selected topics here are mainly about the questions in the 
problematic components, before which some necessary NLP preprocessing steps 
have been executed. For instance, the second and third research objectives are 
achieved, providing the fact that geographical information contained in 
documents has already been extracted sufficiently. But actually the related 
identification, disambiguation and geocoding works involved in this extraction 
process require a lot of NLP techniques tailored according to the nature of 
geographical information. More specifically, the new information retrieval 
model for modern GIR is proposed given the fact that all the documents to 
retrieve have been preprocessed using NLP techniques and sufficient 
geographical information has been extracted from the preliminary results of 
NLP operations. Similarly, the author’s solution for simultaneous indexing of 
the geographical and thematic information in modern GIR is also based on the 
mature indexing techniques, which have been widely applied in conventional IR 
(such as inverted files, etc.) and the GIS fields (such as R-Tree family, space 
filling curve, etc.).  
In addition to this thesis’s selected research topics, its limitation also lies in the 
research approaches applied in the research work of this licentiate thesis. 
Generally speaking, the research in IR fields ought to be carried out based on a 
large set of samples documents and users queries, in order to verify its 
sufficiency and efficiency. Although GIR is regarded as a cross-discipline 
research area of conventional IR and GIS, the research carried out in this 
licentiate thesis only collects a small library of sample documents for evaluation 
purpose. Most of the sample documents are collected semi-automatically from 
the WWW, which contain necessary geographical information for this research. 
Meanwhile, a random generator is adopted to simulate the distribution of 
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geographical information among testing documents, which have been used to 
evaluate the efficiency of various indexing data structures for modern GIR. Thus, 
the relationship between the efficiency of the proposed indexing techniques and 
various parameters could be examined. For example, one could simulate 
different numbers of geographical footprints within a single document, and then 
study the performance of various indexing techniques. Hence, conclusions could 
be made according to the result of simulation experiments. Although these 
conclusions are based on the simulated datasets rather than the real datasets, 
they are still trustworthy in most cases. In the further research, all these 
proposed solutions, including the new information retrieval model and proposed 
indexing structure for modern GIR systems, should be verified within the 
context of a real application. Further improvement could be made according to 
aspects of documents and users’ queries that the testing datasets can’t simulate. 

1.4 Research approach 
As stated earlier, GIR is widely accepted as a cross-discipline research area, 
where the conventional IR technology and geographical information (GI) 
science are involved. Both of these two will contribute to the success of modern 
GIR systems. In order to extract and preprocess the geographic and thematic 
information contained in documents’ text of human natural language, 
conventional IR technology acts as the fundamental part within a GIR. Thanks 
to various natural language processing (NLP) techniques applied in the 
conventional IR systems, their development and application increases the 
exactness of all kinds of information extracted from text documents. Stemming, 
segmentation and summarization are some good examples of NLP techniques 
involved in conventional IR. With the help of various NLP techniques, 
conventional IR meets users’ information need by measuring the degree of 
similarity (or called score of relevance) between users’ queries and documents 
to retrieve. Various information retrieval models in conventional IR are just the 
approaches to carry out such measurement. According to these IR models, 
relevant documents will be picked out and the more relevant ones go ahead of 
the less relevant documents. Meanwhile, indexing techniques are vitally 
important for a large-scale IR system like web search engines, and many index 
data structures have been applied in conventional IR to speed up the query 
processing. Among them, the inverted file is one of the most dominant indexing 
data structures in conventional IR. From the other hand, geographical 
information contained in words of place names, street address, telephone 
numbers, and zip codes is different from those thematic topics being discussed 
within the same document. Because of the special geographical semantics 
contained inside, such geographical information deserves a different treatment 
from ordinary keywords. The mentioned special treatment for geographical 
information in IR systems will certainly require the experience from the field of 
GI Science. Technologies from GI science and application systems could be 
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applied here to better model, extract, understand, process, reason, index and 
represent the geographical information contained in documents to retrieve. An 
efficient combination of conventional IR and GI sciences and technologies 
amounts to a successful modern GIR system.  
Hence, the research work of this licentiate thesis was carried out by combining 
the above two essential components of modern GIR systems. In order to build a 
new information retrieval model for modern GIR systems, the semantics of 
geographical information in documents are modeled, studied and applied using 
techniques borrowed from GI science, internally working together with other 
conventional IR modules. A geographical visualization technique is also 
proposed to improve the human and computer interface of modern GIR systems, 
where both geographic and thematic information will be present. Aided by the 
spatial indexing techniques, the inverted file could efficiently index the 
geographic and thematic information within the IR system. According to the 
average amount of geographic information within a single document, several 
different indexing approaches have been proposed for each typical case in this 
licentiate thesis, either by integrating the spatial index with the inverted file 
structure, or by incorporating them in a more equivalent but efficient way. 
Similar to most conventional IR research, necessary experiments for evaluation 
purpose are designed and carried out to verify the rationality and efficiency of 
proposed solutions. Although some limitations exist in this licentiate thesis, the 
research approach adopted here should be compatible to that of a scientific 
research. 

1.5 Structure of the licentiate thesis 
This licentiate thesis is mainly a collection of published or submitted papers, and 
will be reorganized into six chapters as listed in the following. 

• Chapter 1: Introduction 
• Chapter 2: Literature Review 

• Chapter 3: On the framework of modern GIR systems  
• Chapter 4: A new information retrieval model and algorithm for GIR system  

• Chapter 5: On the indexing mechanisms for modern GIR system 
• Chapter 6: Conclusion and future work 
Among the above chapters, Chapter 1, 2 and 6 are newly written for this 
licentiate thesis. Chapter 3 is based on the paper published as a conference paper 
in the ISPRS 2008 in Beijing. Chapter 4 will be submitted to a journal in the 
field of GI Science. The long abstract of Chapter 5 has been published in the 
AGILE 2007. The following is a list of these related papers published in 
conference proceedings and papers to be submitted to journals. 
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2 LITERATURE REVIEW OF GIR 
 

2.1 Overview of this chapter 
According to Larson, GIR is regarded as a cross-discipline research area of 
several involved fields, including the conventional IR technology (Larson, 1995). 
As a geographically enabled IR system, GIR inherits most concepts, theories 
and techniques from its ancestor the conventional IR, beyond which GIR either 
assigns new meanings to its legacy from conventional IR or introduce brand-
new inventions of its own. So the basic knowledge of conventional IR is rather 
beneficial as a background for the understanding of concepts, theories and 
techniques involved in GIR. So in advance to the introduction of GIR, a brief 
introduction to conventional IR technology will be given first in the following 
sections of this chapter, focusing on the general aims of a typical conventional 
IR system, its data representation and storage models, information extraction 
process and algorithms, information retrieval models, similarity (or called 
degree of relevance between query and candidate documents) measurement and 
indexing mechanisms. By digging into the internal components and processes of 
a typical conventional IR system, one could learn why conventional IR system 
can’t meet answering users’ information search need bearing spatial semantics, 
because it treats words containing geographical semantics the same as other 
ordinary keywords. Consequently, problems of conventional IR while dealing 
with geographical IR queries (also called GIR queries) will be summarized 
based on other people’s research work as well as the author’s own findings. As a 
result, GIR was then developed aiming to solve these problems. That’s why it 
could be said that the incapability of conventional IR in answering the 
geographical IR queries gives the GIR a good opportunity to stand out, with the 
growing demands of peoples for an efficient information retrieval using 
geographical hints due to the prevalence of geographical information in 
information services. 
After the literature reviewing (as presented in section 2.2) on the fundamental 
knowledge of conventional IR follows the introduction to GIR (as presented in 
section 2.4). In order to solve the problems caused by simply applying the 
keyword-based approach of conventional IR to answer users’ GIR queries, GIR 
embraces some new concepts, techniques over the conventional IR systems, as 
well as improvements to those counterparts inherited from conventional IR 
systems. This part of literature reviewing comprises the main content of this 
chapter, and it will basically include the data model (i.e. information 
representation and storage), extraction of geographical information, information 
retrieval model, similarity measurement, and indexing mechanism (i.e. spatial 
and textural index). For each aspect of GIR mentioned in above text, its task and 
corresponding principles, general solution, key technologies together with recent 
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progress will be surveyed, reviewed and discussed. Generally speaking, each 
task is accomplished by applying corresponding principles and key technologies, 
and results in a component of the GIR system. In order to learn how the required 
components could be incorporated and collaborate with each other to form a 
complete GIR system, a conceptual architecture provides a general guideline 
concerning this issue. So that the architectures of existing GIR systems are also 
surveyed, and a conclusion is drawn with the fundamental components inside a 
typical GIR system, as well as the collaboration schema among these involved 
components.  
Additionally, in order to ensure a better comprehension of GIR technology that 
is surveyed and discussed in section 2.4, a brief history of GIR (included in 
section 2.3) will be served in between the above two sections (section 2.2 and 
2.4). By studying the history of GIR, one could learn how it is related to the 
conventional IR and GIS technology, and how it is born as a cross-discipline 
research area quickly. This part of literature reviewing is concluded with the 
most important trends and activities in the research and development work of 
GIR. 
However, in most current GIR systems, there are still some shortcomings yet 
remained unsolved, as concluded from the above discussions on the key aspects 
and technologies of GIR. Efforts from both the academic and industrial 
communities are trying their best to deal with these challenges that GIR systems 
are currently facing. These activities account to the focus of research and 
development work in GIR field. Beneficial contribution could be made to the 
GIR by working against these challenges. To make the author’s research work in 
this licentiate thesis meaningful, topics of interest will be selected from these 
challenging aspects of GIR, depending on the author’s own opinion in the most 
demanding and interesting issues as well as his background knowledge and level 
of required skills. Accordingly, in the last section of this chapter (section 2.5), 
these challenges will be briefly explained and discussed first of all, together with 
the most promising solutions respectively. Then the main research topics and 
objectives of this thesis research will be addressed, which are aiming to help 
modern GIR to overcome these shortcomings.  

2.2 Conventional IR technologies and the opportunity of 
GIR 

2.2.1 Conventional IR technologies and recent progress 
The oldest and simplest approach applied to retrieve information needed out of a 
collection of document is to examine every item of this collection of documents 
and check whether or not it meets the information search need. It is only a 
process of justification. In the beginning of IR history, the main activities in this 
field were about how indexes were created and searched. But more recently, 
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emphasis has shifted to other factors, such as how language is interpreted and 
how users interact with systems (Meadow et al., 2007). 
Originated from the digital library field, the conventional IR began to gain great 
success with the dispreading of Internet and WWW in the last decade. From the 
Yahoo Catalog to Google full-text search engine, more and more IR tools and 
services appeared in the IT field. With the explosion of information contained in 
the published web pages, people are more and more relying on the web search 
engines to find what they need on the Internet. In addition to serving as a 
standalone tool to help speed up the information search, the same technologies 
applied in conventional IR have also been adopted by many other applications 
and online services, such as desktop search tools, online book store, full-text 
search toolbox in social network service systems and so on. IR tools, such as 
web search engines, have been the most important application to IT users under 
the Internet environment. In the following part, I will mainly focus on the key 
conventional IR technologies under the WWW environment, because they are 
not only different from those applied in the digital library field, but also the most 
important and widely applied IR technologies. 
The information for IR to retrieve under the web environment (i.e. WebIR) will 
contain all the data published on the web, including the text, images, animation, 
audio and video clips. Different from the data used in digital library, the modern 
IR needs to deal with unrelated data collection with a rapidly increasing size, 
which is referred as a tsunami of data by the situation information designer 
Richard Saul Wurman (1997). From the author’s point of view, the properties of 
data to retrieve for WebIR could be concluded as follows.  

• The distributed data source: web documents to retrieve containing text, 
images, audio and video clips are spreading in a distributed way over the 
Internet. It means the WebIR won’t have a stable data source and need a 
net crawler to collect needed information about the web documents, with 
the help of link structure among pages.  

• The unstable and frequently updated data source: Due to the dynamic 
feature of web pages, it is estimated that about 40% of web pages will be 
changed each month (Baeze-Yates and Ribeiro-Neto, 1999). Changes in 
the DNS will result in a lot of empty link and address redirection. Hence, 
the WebIR need to consequently validate the accessibility of its grabbed 
information from time to time. 

• Huge amount of data to retrieve: it is quite obvious with the proliferation 
of digital information on the World Wide Web. 

• Unstructured and redundant data source: the WWW is not as simple as a 
bundle of distributed hypertexts.  Every web page has its own abstract 
data model, which results in the different web page structures from one 
page to another. So it could be concluded that the data for WebIR to 
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retrieve is unstructured or semi-structured.  Furthermore, the redundancy 
of web contents is quite high nowadays. It is said by J.P. Kumar and P. 
Govindarajulu (2009) that about 30% of web pages are duplicated, which 
will certainly cause problems to the information extraction and similarity 
ranking for the WebIR systems. 

• Uncontrolled data quality: the data published in the websites might have 
some kind of errors, such as spelling errors, printing errors, OCR (Optical 
Character Recognition) errors, grammars errors and so on. Regarding the 
same matter of fact, different web pages might have absolutely different 
or even paradoxical description. As a result, to make an IR under the web 
environment, one needs to pay special attention to such uncontrolled data 
quality. 

• Heterogeneous data source: although we have ISO standard for guiding 
the hypertext creation, such as the W3C HTML standard, the web pages 
for WebIR to retrieve are still heterogeneous in web page structures, 
language, and encodings. It remains a big challenge that how to make a 
universal WebIR which could resolve this kind of heterogeneousness. 

• Not all web data could be retrieved: due to the dynamic web page 
techniques, such as scripting (VBScript, JavaScript, etc.) and dynamic 
server pages (ASP/ASP.NET, JSP, PHP, etc.), not all web data could be 
retrieved by the WebIR. Taking Google as an example, although it has 
already index over 100 Exabyte (1 Exabyte = 109 Gigabyte) last year, 
there are still quite a lot of web data that Google can’t retrieve, such as the 
un-indexed web pages, multimedia content and dynamic web content that 
is only available by submitting a form. Recently, people are trying to 
solve this kind of problem by using technique called deep search or 
perpendicular search.  But it is still in its infancy. 

Concerning this new kind of data to process under the web environment, search 
engine designers have developed a set of mathematical and information 
technical tools that will improve search engine performance. Such tools and 
technologies could be categorized in the following groups, according to the 
author’s survey of related literatures about academic research activities and 
products from the industrial community. 
(1) Information extraction, storage, and indexing 
Document file preparation and information extraction is the first step to make an 
IR system work. It will contain the process to create an internal representation of 
knowledge contained in the original documents, store and manage the huge 
amount of data as well as their corresponding indexing work. Concerning this 
part, the modern IR systems have evolved from the manual style in the age of 
digital library to the automated approach widely adopted under the Web 
environment. According to Kowalski (1997), “The primary use of manual 
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subject indexing now shifts to the abstraction of concepts and judgments on the 
value of the information”. 
Before data could be stored and indexed by the IR systems, they need to be 
processed into searchable tokens by addressing such areas as processing tokens 
and stemming. This step is also referred as item normalization. Item 
normalization provides logical restructuring of the item. Operations during this 
process might include: identification of processing tokens, characterization or 
disambiguation of tokens, and stemming of the tokens (Kowalski, 1997).  Some 
good effort has been made to help performing the information extraction, such 
as the National Library of Medicine’s unified medical language system (UMLS) 
project (National Library of Medicine, 2005) and stop list that is used to remove 
words of little or no value as a search term. A good example of stop list for 
English language is from the SMART system at Cornell University (2008). 
Stemming of tokens could be done in various ways, and the suggested one is 
called the Porter Stemmer, which is based on the sequence of vowels and 
consonants (Berry and Browne, 2005). WordNet from the Cognitive Science 
Laboratory of Princeton University (2008) is another project that provides a 
powerful lexical database of English, which could help modern IR to conduct 
this document preparation and information extraction. Information extraction 
might turn even harder if your IR is dealing with languages rather than English, 
such as Chinese, Japanese, etc. These languages with more complex lexical 
structure need a special tokenizer working according to some other rules rather 
than mere a simple stop list. Given the Chinese language for the example, the 
least semantic segment is called phrase comprising of one or more Chinese 
characters, rather than a word in languages like English. The forming schema of 
such phrases can’t be simply fixed in a dictionary, and the language context is 
vitally important for phrasing (or called Chinese word segmentation) of text 
documents in Chinese language. Concerning this issue, various approaches have 
been proposed (Liang, 1987; Guo, 1992 and 1997; Sun et al., 1998;) mainly 
based on the statistical language model. Among these approaches, the longest 
matching and least phrases of matching are two of most noticeable approaches. 
After the item normalization, the collected data are now ready for storage and 
indexing. One of the most important data structure and indexing techniques 
widely applied in modern IR and database systems is the inverted file structure 
(IFS), which tracks “which documents contain which index terms” (Berry and 
Browne, 2005). There are three components in IFS: the document file where 
each document has a unique identifier as well as the index terms appearing in 
this document; the dictionary which is a sorted list of all the unique terms; and 
the inversion list which contains the pointer from the term to which documents 
contain that term as well as the location and frequency of that term in each 
hosting document (Berry and Browne, 2005). The use of IFS really speeds up 
the search process in conventional IR systems nowadays. 
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(2) Information retrieval model, ranking and relevance measurement 
Information retrieval model is about the process inside IR systems to determine 
whether a candidate document could meet the information search need indicated 
by the user’s query. It will involve the internal representation of both user’s 
query and candidate documents to retrieve. Among the various information 
retrieval models ever applied in IR, the most important ones are the Boolean 
Model, the Vector Space Model and the Probabilistic Model (Dominich, 2001). 
According to Dominich (2001), these three models are also the classical models 
in IR and nearly almost every commercial IR system today is based upon them 
(and especially upon the Boolean model). 
Boolean Model of IR (BIR) is the first and most widely adopted one today, such 
as the digital library system. Taking Boolean logic and classical Set Theory as 
its bases, the BIR views the documents to retrieve and the user’s query as sets of 
terms. The relevancy between documents and query is determined by whether 
the documents contain the query terms as well as the number of terms that are 
contained. The query could be as complex as a Boolean expression consisted of 
terms and Boolean operator (AND, OR, NOT). The result of retrieval and 
ranking could be made in a binary manner (crisp set) or some kind of fuzzy 
approach for numeric ranking. Although the BIR is quite straightforward, there 
are still several further problems related to the algorithms and data structures 
remained unsolved (Dominich, 2001). 
The Vector Space Model of IR (VIR) is another classical and widely adopted IR 
model. For retrieval purpose, the documents and queries are represented as 
mathematical vectors in the spaces of all possible (normalized) terms in the IR 
system. Retrieval is based on whether the ‘document vector’ and the ‘query 
vector’ are ‘close enough’. The closer they are, the higher score of relevance 
ranking the documents gain given a certain query. The frequency of terms 
appearing in a document will also be taken into consideration as some kind of 
weights when calculating the level of similarity. There are many approaches in 
VIR that could be used to measure the relevance between documents and query, 
such as the Dot Product, Cosine Measure, Dice’s Coefficient, Jaccard’s 
Coefficient, and Overlap Coefficient. More about these ranking approaches 
could be found in (Dominich, 2001). For VIR, the choice of terms and their 
weights to make up such a space remains a theoretical (e.g. from the linguistic 
and semantic aspects) and practical problem. After all, it is now the most 
important IR model under the web environment because it is the most effective 
mathematical tool and easy to implement given a huge dataset to retrieve (Berry 
and Browne, 2005). 
The Probabilistic Model of IR (PIR) works based on the assumption that a 
probability of relevance (relative to a query) of a document is higher than that of 
irrelevant documents. Assuming that there is a virtual result set for each given 
query 

 

q, the probabilities that a document is relevant and irrelevant to the query 
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could be calculated. Relevant documents to query 

 

q  are those whose 
probabilities of relevance exceed a certain threshold. The similarity between 
document and query could also be computed as the ratio of probabilities of 
relevance and irrelevance. Other ways of retrieval could be developed based on 
the conditional probabilities of candidate documents against the relevant and 
irrelevant set (Dominich, 2001).  The PIR model has a solid mathematical base 
and could generate relevance measurement of high accuracy. The main problem 
of PIR is that in most case it is very hard to figure out or guess the virtual set of 
results containing all but only the relevant documents, given a query. One 
possible way is to make use of the system feedback from end users. Besides, 
PIR is also very difficult to represent the conditional probability and related data 
structures inside the IR system. In practice, it is very hard to tell whether PIR is 
better or worse than the VIR model. Generally speaking, the PIR model is more 
popular in the academic research society, while the most Web IR systems in the 
industry adopted the VIR model. 
IR models could generate better answer when the users get more than just literal 
match. These models could all be used to build search engines using the latent 
semantic indexing (LSI). There are also some other nonclassical IR models in 
the history, such as “Information Logic IR”, “Situation Theory IR”, “Interaction 
IR”, etc. More IR models could be found in (Dominich, 2001). 
(3) Search by the link structure of web documents 
The inter-links among web documents in the Internet make the World Wide 
Web (WWW).  The Latent Semantic Indexing (LSI) approach mentioned before 
is limited to a smaller document collection, and it is not able to handle a 
document collection of the size of the Web (Dominich, 2001). Beyond the LSI, 
methods making use of the link structures among web pages have been proven 
to be effective by the success of modern search engine companies like Google, 
Baidu, etc. It is obvious that these methods are also profitable ones.  
The whole Internet could be viewed as some kind of social network, and there 
are some pages having many inbound links from other pages. These pages are 
called the “authorities”, which the other pages pointing to “authorities” are 
called “hubs”. Interlinks among “authorities” and “hubs” provide a basis to 
evaluate the importance of certain pages to certain topics. The process is quite 
similar to that of a voting process. The basic idea of these link structure based 
approaches is vitally as natural as a mutually reinforcing approach, with good 
hubs pointing to good authorities and good authorities pointing to good hubs 
(Berry and Browne, 2005; Kumar et al., 2002). Among the various IR models 
based on the link structures, the hyperlink induced topic search (HITS) by J. M. 
Kleinberg (1999) and PageRank algorithm from Larry Page et al. (1998) are two 
of the most important ones. The difference between HITS and PageRank 
algorithm is that the HITS create the results lists after the query is made, while 
the PageRank crawled and index the Web before the user enters his query. 
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What’s more, the PageRank algorithm not only take into account the number of 
referring inbound links, but also the ranks of referring inbound links. Hence, the 
PageRank could provide a better performance in query processing time than 
HITS model. Google, the dominant web search engine, is actually driven by a 
modified version of this PageRank algorithm.  Like most commercial web 
search engines, however the PageRank algorithm also has its shortcoming in the 
aspect of concept matching (Berry and Browne, 2005). 
There are many other link structure based IR models besides HITS and 
PageRank, such as the stochastic approach for link structure analysis (SALSA) 
algorithm of Lempel and Moran, which combines elements of the HITS and 
PageRank (Berry and Browne, 2005). 

2.2.2 The opportunity of GIR 
As stated above, nowadays, conventional IR technology has been developed 
rapidly during the last 20 decades, and its applications have reached many other 
fields, in addition to the digital library field where modern IR originated. Among 
these new fields, the WebIR is one of the most noticeable applications for 
modern IR technology. With the development of modern IR technologies and 
maturing of commercial search engines (e.g. Google, Yahoo, Microsoft Live 
Search, Ask.com, Wikiseek, etc.), however, people are becoming more and 
more critical regarding the quality and ability of current search engines tools, 
while enjoying the convenience these IR tools bring them. Because of the 
information explosion especially caused by the invention and prevalence of 
WWW, it has been a great challenge for both the academic and industrial parts 
to provide highly customizable search engine tools with plenty of semantic from 
human knowledge. Among these various kinds of semantics from human 
knowledge, the geographical semantic enabled search engines have received lots 
of attention in both the academic and industrial aspects.  
The reasons why web information retrieval technologies supporting 
geographical semantics are so popular and important today could be concluded 
as the following two facts, basing on the author’s surveying and reviewing of 
related literatures. 
(1) Most documents on the Internet contain geographical information 
Similar as the existence of one or more thematic topics within a web document, 
there are also quite possible for the same document to have one or more 
geographical locations adhered to it, as have been verified and studied by 
Buyukkokten et al. (1999), Ding et al. (2000), McCurley, 2001, Amitay et al. 
(2004), Wang et al. (2005), and so on. For example, there might be several lines 
of text indicating the address of a certain company on its web page. Regarding a 
news report, it is also very common that the place where this news event 
happened is included among the words of this report. There should be a great 
many of other instances of web documents bearing geographical information 
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within. Plenty of geographical information is embedded within web documents 
in the forms of address texts, place names, coordinates under certain spatial 
reference system (SRS), zip codes, or even telephone numbers with region codes. 
These textual words of human natural language with geographical information 
are also called the geographical footprints (or geo-footprint in short) of 
documents. Within a document, all the geographical footprints, which are 
always spatially related to each other, could further be decorated with spatial 
predicates (e.g. to the north of, in the center of, etc.). It introduces more 
abundant geographical information but with more complex semantic structures 
for later processing. Hence, if this huge amount of geographical information 
within web documents could be properly utilized by the modern WebIR systems, 
it is believed that such spatially-aware web search engines could better meet 
users’ information search needs containing spatial semantics, comparing to the 
mere keyword-based approach. Such new geographically capable web IR 
systems could provide a search engine service with more functionalities and 
higher quality.  
(2)  Users’ information search needs are usual related to certain 

geographical locations. 
On the other hand, people are more interested in the things or events that 
happened or are located around the neighborhood rather than those far ways. 
This fact is also referenced as the first law of geography that “Everything is 
related to everything else, but near things are more related than distant things” 
by Waldo Tobler (1970). That means, from the viewpoint of web information 
retrieval systems, the users might care more about the near ones or those within 
a neighborhood of specified places, given the same thematic topic.  For example, 
when trying to find the information of a restaurant, the searcher might value 
more on those restaurants close to where they lives or where they want to go. 
Since it is more convenient for them to have dinner without walking or driving a 
long distance. Such information service tailored according to the neighborhood 
of users is considered as the most valuable part of location based service (LBS). 
Under some other circumstances, some users might want to find something 
located in a specific place. For instance, the researchers of tsunami happened in 
Southeast of Asia in the year 2004 will pay more attention to the records of 
water temperature of Indian Ocean, although they might be from all over the 
world.  These are two most usual cases of users information search needs 
bearing the geographical semantics. In the matter of fact, a large proportion of 
users’ information search needs are specified by one or two geographical 
locations, according to Sanderson’s analysis upon the log of existing search 
engines (Sanderson and Kohler, 2004). In the same paper, it has been revealed 
that about 20% of users’ queries will embrace one or more names of 
geographical locations to specify their information search needs. Of course it 
could also be possible that Internet users might not be interesting on where on 
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earth a service provider is located in some certain cases, especially with the 
globalization trend and the increasing supply of Internet services. For instance, 
the email service systems, such as Hotmail, Yahoo Mail and GMail, won’t 
require the locations of users for themselves to work, since such service is 
location independent. But most providers of such globally available or location 
independent services will more or less make use of their customers’ location 
information to provide a tailored service, which is believed to be potentially 
more useful for the customers. The location related information involved under 
such circumstances could the region from which a customer accesses the service 
system, or location in his/her profile of registration. Web search engines like 
Google could provide UI of different languages (e.g. Chinese, Swedish, Danish, 
English, etc), according to the location where the user is currently located. 
Concerning the email service again as another example, Yahoo email service 
provides migration utility for those users, who are registered in U.S. but in most 
time using its email service from Europe, to by default switch from the server 
located in U.S. to that located in UK. One might also notice that Google online 
advertising services, which are embedded in most of its services and products 
such as GMail, could provide advertisements related to his/her current location 
on earth. Therefore, it could be concluded that the geographical information is 
playing an important role in modern (especially web) information services, no 
matter whether or not the users are aware of its existence, function and benefit.   
So according to the above two reasons, it is could be said that there is a great 
need for retrieve information (e.g. web documents) through geographical hints. 
This need is growing more and more pressing recently, due to the prevalence of 
location-aware devices and the consequent rapid expansion of geographical 
information over the Internet. With the development of personal positioning 
technologies and application, as well as the development of geographical data 
acquisition methods, more and more geographical data are collected with refined 
quality through the use of imageries from Remote Sensing (RS) technologies, 
topographic maps digitized and processed by Geographical Information System 
(GIS) software tools, and large amount of positional information with the help 
of Global Positioning System (GPS). As personal positioning techniques 
onboard of mobile electronic devices like cellular phone, personal digital 
assistant (PDA) and media player are becoming more and more affordable and 
popular, people now are better aware of where they are and hence able to 
customize the information queries based on the locations or region of their 
interests.  
Because most current web search engines are using the keyword based IR 
technologies to match documents with users’ information search needs, they 
can’t well answer the questions of users containing the spatial semantics. The 
results are always not acceptable because of their incompleteness and retrieval 
errors, which are always measured by the degrees of accuracy (or precision), 
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recall and fade-out as the following formulas (see Eq. 2.1, source: Wikipedia, 
2008).  

{relevant - documents} {retrieved - documents}precision =
{retrieved - documents}

{relevant - documents} {retrieved - documents}recall =
{relevant - documents}

{non - relevant - documents} {retrieved - documents}fall - out =
{no







n - relevant - documents}

          (2.1) 

The reasons why conventional IR systems could not well answer users’ spatial 
queries could be summarized as the following two weaknesses of conventional 
IR technology in respect of geographical information and GIR queries.  
Between these two reasons, one is that conventional IR systems treat names of 
places and spatial relationship predicts as ordinary keywords and hence is 
unable to understand the spatial semantics embracing the place names and 
spatial relationships. As a result, the users might be provided with a retrieval 
result of low degrees of recall and precision. For example, some restaurants 
within Stockholm city might provide their address on websites without 
indicating the city of “Stockholm”, such as “Bergshamra 20, Solna 17070”. 
Then users who want to find the restaurants within the city of “Stockholm” 
might fail to get these restaurants from the conventional WebIR systems. 
Because an ordinary web search engine doesn’t know the fact that Solna is a part 
of Stockholm and located in its north. Restaurants in Solna should be certainly 
accepted to be restaurants within the city of Stockholm.  
The other important reason lies in the fact that within conventional IR systems, 
complex spatial queries combining geographical locations and spatial predicts 
could not be well processed. It will limit the functionality of current IR systems. 
Common spatial relationships of interest cover the information of distance, 
direction and topology among geo-entities. Examples of such complex queries 
bearing spatial semantics may look like “Find restaurants with a distance of 
1000 meters from KTH”, which could not be efficiently solved in existing 
conventional IR systems.  
Due to these weaknesses of conventional IR, the current keyword-based web 
search engines cannot well answer users’ queries bearing some spatial semantic.  
They might cause problems like incomplete results (e.g. search for restaurants in 
Stockholm but those in Solna are not retrieved), mismatching (e.g. mistake the 
word “China” as a fine china products, but not an Asian country) and failure to 
match (e.g. search for the “Hospital in the North of Stockholm”, but return quite 
a lot of irrelevant web pages containing words “Hospital”, “North” or 
“Stockholm”). Consequently, it is vitally necessary to introduce Geographical 
Information Science into the field of conventional IR technologies, in order to 
better answer users’ queries bearing spatial semantics. Some aspects of 
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conventional IR technologies need to be improved or even replaced by new 
more suitable ones, so that modern web engines could better understand the 
spatial semantics within both web documents and users’ query.  These aspects 
are presented as the following list based on the author findings during the 
literature review, which have also been studied and confirmed by the research 
work presented in (Larson, 1995; Larson and Frontiera, 2004; Martins et al., 
2005; Purves, et al., 2007;)  

• A new data model to represent the geographical information adhered to 
the web documents; 

• A new information retrieval model to match web documents with users’ 
information search need; 

• Data storage, management and indexing for both textual and 
geographical information; 

• A new query language to use such spatially-aware IR systems; 
• A new user interface to help user easier define their spatial query, and at 

the same time to better present the retrieval results beyond texts and 
images; 

• A new architecture for such spatially aware information retrieval systems 
which might need the help of Spatial Databases Management System 
(SDBMS) to manage the geographical information; 

These aspects could comprise the main tasks and contents of research for 
geographical information retrieval, a new cross-discipline research area that 
combines conventional IR and GIS theories and technologies (Larson and 
Frontiera, 2004). GIR is supposed to be able to better understand the 
geographical knowledge contained within web documents and users’ queries, 
and hence provide a more satisfactory answers to these queries bearing spatial 
semantics. GIR empowered web search engines, such as Google Local Search & 
Maps, Yahoo Local & Maps, etc., are believed to become a great success at both 
providing a good service and even open a new industry in the future. Because 
the geographical locations are widely regarded as the best thread to combine all 
kinds of information related to a certain event, which is also highly coincide to 
the way how human think and organize information.  

2.3 A brief history and applications of GIR technologies 
GIR has just received its attention from the fields of academic research and 
industries since the last decade, while the conventional IR has already started 
more than 20 years ago (Van Rijsbergen, 1979; Salton and McGill, 1983). At the 
very beginning, research and development work in conventional IR field was 
originated from the research and construction of digital library. With the 
development of digital library, it was becoming increasingly popular, while at 
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the same time people found that some geographical information could not be 
well organized and managed by conventional IR theories and tools. Such 
geographical information includes the text, pictures, satellite imageries and even 
audio/video tracks about the something existing at some places, and some events 
happened in some places. As the geographical information in the digital library 
could not be properly processed by conventional IR systems, people started to 
think of new approaches to extend conventional IR with ability to manage 
geographical datasets.  
In 1995, Larson (1995) first provided the word GIR to name this rapidly 
growing cross-discipline research area, and meanwhile gave a clear definition to 
it. Within the same paper, in addition to the definition of GIR, Larson also 
compared the GIR with conventional IR, and furthermore examine all the 
common spatial queries that might be of interest in GIR systems. But actually, 
the existence and importance of geographical information within text documents 
was recognized in earlier 1960s (Brinker, 1962). Consequent efforts of research 
regarding this geographical issue in conventional IR and digital library fields 
have been devoted to the aspects of text-based geo-referencing of documents 
(Brinker, 1962; Farrar and Lerud, 1982; Holmes, 1990), and later the 
geographical indexing approaches (Byron, 1987; Hill, 1990; RLG, 1989).  
Almost from the same year of Larson’s paper, Woodruff and Plaunt (1994) 
began their attempt to extract geographical information from textual data with 
the help of a gazetteer. He also provided an algorithm to the corresponding task 
in this paper (Woodruff and Plaunt, 1994). In 1997, Chen et al. (1997) proposed 
that a geographical knowledge representation model could be established to help 
the extraction and analysis of geographical information in the GIR systems.  
Generally speaking, the GIR research before 2000 was mainly focusing on the 
related theory and methodologies of GIR. After 2000, more and more attention 
has been paid to GIR, and as a result, a great many papers have been published 
discussing all the details of implementing a modern GIR system as well as its 
applications and commercialization. In the following sections, these researching 
efforts, progresses and reviews are categorized into several groups according to 
the architecture and data processing sequence in modern GIR systems. 

2.4 GIR and recent progresses in GIR theories and 
technologies 
According to Larson in his paper (Larson, 1995), GIR was originally defined as 
a new cross-discipline application involving the GIS, information retrieval, 
database systems and user interface design techniques. The main task of GIR is 
about the techniques to build an application system that could well index, query, 
retrieve and browse the geo-referenced information including text (place names, 
telephone number, zip codes, street address, etc.), images (geo-tagged or having 
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a description text indicating the location where they are captured or about), 
audio and video clips with geographical footprints.  
Information that could be indexed and retrieved by using the GIR includes the 
theme (what to search), geographical location (where to search) and the spatial 
relationship (what is the relationship between).  As a spatial predicate, the 
spatial relationship here indicates how the object of interest is related to the 
specified geographical location. Common spatial relationships under concern are 
the distance relationship, directional relationship and topological relationship. 
For normal GIR users, the distance relationship might be the most useful, 
because such queries are very common in GIR as “Restaurant near KTH”, where 
in this query “near” is the spatial predicate of distance relationship. 
In the remaining part of this section, the recent progress of modern GIR theories 
and techniques will be provided in the following categories. 

• Data model of representing geographical information 
Due to the speciality of geographical information, GIR systems required a more 
complex data representation, information retrieval model and system 
architecture than the conventional IR systems. Cai (2000b), from the aspect of 
geographic cognition, proposed the integrated information retrieval model for 
GIR from the geographical information model and vector space model. Jones 
and his colleges (Jones et al., 2002 and 2004) tried to extract and store the 
geographical information and thematic information from web documents by 
using the geographic ontology, and hence establish the framework for GIR 
systems under web environment. They also developed an internet-based GIR 
search engine named SPIRIT (2002), which is one of the most famous GIR 
prototype systems in the world. Alexander et al. (2003) carried out a good 
discussion on the GIR systems under the web environment, regarding the 
specialty of web information. They pointed out the common essential questions 
and key technologies to build a GIR system under web environment. The paper 
from Hill et al. (2004) provided an implementation of GIR system based on the 
Alexandria Digital Library. In this paper, the role of gazetteers, presentation and 
ordering of retrieval result for a GIR system was discussed.  

• Extraction of geographical information 
Extracting geographical information from documents is the first basic and a very 
important step in the modern GIR systems. Ding et al. proposed the concept and 
definition of geographical scopes for web documents in their paper (Ding et al., 
2000). The geographical scopes of web documents were classified into three 
levels of different scales in Ding’s approach, and then determined by parsing the 
geographical place names and hyperlinks from the web documents. Based on his 
research, Ding also built up a prototype system of GIR. Alanni et al. (2001) used 
the Voronoi graph based approach to estimate the geographical scopes of web 
documents, and then used such geographical scopes in the query processing of 
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GIR systems. The research in paper (McCurley, 2001) summarized all the 
possible sources of geographical information under the web environment. They 
have concluded that geographical information might exist and extracted from the 
Whois database, IP packets/address, DNS, place names, region codes, zip codes, 
telephone number, hyperlinks and texts in the web documents. Jones et al. (2003) 
started to use the ontology-based approach to represent and extract geographical 
footprints of web documents from web resources for the GIR systems. Clough 
(2005) explained the process and algorithm of extracting geographical footprints 
from web documents in the SPIRIT project, which was done by two steps: Geo-
Parsing and Geo-Coding. Furthermore, in the paper (Wang et al., 2005), Wang 
and his colleges classified the geographical information inside a web document 
into 3 types: Provider-Location, Content-Location and Service-Location. 
Beyond this meaningful classification, they also gave each kind of geographical 
location a complete algorithm to extract it from the hosting web documents. 

• Information retrieval model, spatial indexing, ranking and ordering of 
retrieval results 

Watters and Amoudi (2002) proposed the geographical scopes extracting 
approach from the URL of web documents, and then used such scopes of 
geographical location to re-ordering the retrieval results from web search 
engines. Larson and Frontiera (Larson and Frontiera, 2004; Frontiera, 2004) 
investigated the spatial ranking and ordering approaches under the environment 
of GIR, and then proposed a new spatial ranking and ordering approach based 
on the theory of probability. They found that this new approach was superior to 
most other approaches merely based on the geographical scopes. This new 
approach was believed to have great contribution on improving the performance 
of GIS systems. Zhou et al. (2005) attempted to use a hybrid index structure by 
integrating the inverted files and R tree to spatially index the geographical 
information for the web search engines. The paper (Vaid et al., 2005) introduced 
the space-text indexing mechanism that was applied in the SPIRIT project. At 
the meantime, it was also compared with the ordinary indexing approaches that 
were only for text data in the conventional IR systems. The research group in 
paper (Martins et al., 2005a) produced a good summary of all possible indexing 
approaches for both text and geographical information in the GIR systems, and 
hence gave some practical advises on how to combine these various kinds of 
indexing methods to build a GIR system with a efficient query processing 
module. 

• System Architecture 
Due to the importance of system architecture for an information retrieval system, 
many work and discussion have been made in the field of GIR (e.g. Watters and 
Amoudi, 2002; Jones et al., 2004; Klein et al., 2004; Markowetz et al., 2005; 
Purves et al., 2007, etc.). According to these related research and development 
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work in the architecture of GIR, generally speaking, a typical GIR system will 
contains the following components: user interface; geographical and domain-
specific ontologies; web document collection; core search engine; textual and 
spatial indexes of document collection; relevance ranking; and metadata 
extraction. Taking the architecture of SPIRIT project for the example (Jones et 
al., 2002 and 2004; Purves et al., 2007), such a conceptual system architecture 
could be illustrated in figure 2.1. In this figure, it could be easily found that the 
differences between architectures of GIR and conventional IR are the 
geographical components, such as the geographical ontologies, spatial indexing, 
extraction of geographical metadata, result ranking incorporating geographical 
and thematic content of a document, and so on. It could also be read from the 
figure that the role of the geographical ontology is essentially important for a 
typical GIR system, since it will help the processes of query 
disambiguation/expansion, and metadata extraction. These two processes will 
provide a fundamental basis for the success of subsequent tasks, such as the 
query processing in search engine component, the result sorting in the relevance 
ranking component, spatial indexing of web documents, etc.  

 
Figure 2.1 The conceptual architecture of SPIRIT system (source: Jones et al., 2007) 

However, some GIR systems don’t have a metadata component in their 
architecture, but replace it with an internal representation of geographical and 
thematic information contained within the collection of web documents. Some 
claimed the necessary use of external geographical databases for mapping geo-
footprints in texts of human natural language into geographical locations or 
regions on earth’s surface via geocoding, then for spatially indexing of 
documents, and finally processing of the spatial queries (Markowetz et al., 
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2005). Such external resources includes WhoIS databases, WordNet, TGN – 
Getty Thesaurus of Geographic Name, GEONet Name Service (GNS), 
Geographic Names Information System (GNIS) and so on (Watters and Amoudi, 
2002; Martins et al., 2005). 

• Query, user interaction and interface 
Sanderson and Kohler (2004) was the first to conduct a survey and analysis on 
the log of geographical queries in web search engines, and found that about 20% 
of users’ queries have spatial semantics within them. He also researched the 
distribution of these spatial queries under different categories. Buyukkokten et 
al. (1999) pointed out that the presentation and visualization of retrieval results 
of search engines could be improved with the aid of geographical information. 
In the research work of this paper, he used the Whois database, zip codes, region 
codes and telephone numbers to calculate the geographical locations for retrieval 
results from conventional IR systems, and then presented them with 
visualization on a digital map. In fact, he explored a new user interface for the 
modern GIR systems. Cai (2002a; 2002b; 2004) analyzed the visualization 
interface under the environment of digital library, and produced a multi-channel 
user interaction interface for GIR systems with a geographical view called 
GeoView and a document relevance view called VibeView. Due to the 
insufficiency of various combination of relevance in geographical and thematic 
scopes, the advantage of presenting these two views in a GIR system is the 
ability to aid the users to quickly pick up the most relevant documents from the 
two visual maps, based on an overview of all the retrieve documents with their 
geographical and thematic relevance scores (represented as locations on these 
two views). The drawback is its potential users need adequate background 
knowledge to first understand these two maps, and for ordinary people it might 
be a question.  Another work for a search interface for Spatial Database 
Infrastructure (SDI) (Aditya and Kraak, 2007) is also worthy, which developed a 
GUI-based search interface for a SDI system by combining the textual 
description of metadata, thumbnail maps, bull-eye metaphor for query and 
retrieved datasets, as well as digital map of the metadata over a thematic layer. 
As demonstrated in the following Fig. 2.2, this proposed search interface looks 
rather potentially useful for one to determine the right geographical datasets 
he/she needs out of a SDI. But the complexity of its GUI might frighten those 
first users, and could take them quite a long time to get familiar with it. For 
other users from other background rather than GIS, the abundant information 
within GUI is also too heavy to manage easily while making a decision. 
However, the design of and application of digital map in this GUI-based search 
interface is still worthy of reference while designing the UI for a GIR system, 
since they both need to manipulate information with the similar geographical 
features and equivalent volumes of datasets.  
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Figure 2.2 A proposed search interface for SDI (source: Aditya and Kraak, 2007) 

• System benchmark and evaluation 
The evaluation of information systems before implementation is vitally 
important. Such benchmark and evaluation works are always mainly based on 
outcome of systems given the testing datasets and simulated use cases. Leidner 
in his paper (Leidner, 2004) provided a good discussion on how to make an 
adequate testing datasets for a GIR system, including important steps in details. 
Furthermore, Clough and Sanderson (2004) re-declaimed the importance of a 
comparative testing datasets for the success of GIR systems. Bucher et al. (2005) 
even proposed an integrated system benchmark and evaluation approach upon 
SPIRIT project by combining the testing dataset and user experiences, after a 
thorough investigation on the requirement analysis of SPIRIT project and 
various kinds of evaluation methods for IR systems.  

2.5 Challenges of modern GIR systems and main tasks of 
this research 
Based on the review and analysis on recent progress of GIR, it could be found 
that for GIR there is still much work left to do in the future, for examples: 
• Ontology based representation model for both thematic and geographical 

information, although there are already some good attempts in this aspect 
with the development of spatial cognition and geographical semantic web. 
But these efforts could not well process the specialty of geographical 
information inside web documents: more qualitative rather than quantitative, 
vague, uncertainty, fuzzy boundary, hierarchical structure of spatial 
cognition, multi-scale, and multiple instances. 
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• The extraction of geographical footprints from web documents using 
Gazetteer, domain ontology and text data mining techniques.  

• Information retrieval model to measure the degree of relevance, rank the 
similarity and sort the retrieval results in the most robust way.  

• Indexing the spatial information and textual information within GIR systems. 
• The system architecture of modern GIR systems based on a SDBMS. 
 
To establish a better GIR system, this thesis research attempts to address three of 
these important aspects of GIR, which will be concluded in the following 
chapters. 
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3 MODERN GIR SYSTEMS: CONCEPTUAL FRAMEWORK AND 
KEY TECHNOLOGIES 

 

3.1 Introduction and overview of this chapter 
Geographic information is one of the most important and the most common 
types of information in human society.  It is estimated that about 70%-80% of 
all information in the world has some kind of geographic feature. Geographic 
information exists in paper-based books, images and maps, as well as their 
corresponding digital formats like computer databases, digital maps, satellite 
images, articles and books (Jones and Purves, 2008). Generally speaking, all 
these information media where geographical footprints exist could be divided 
into three groups: structured databases, semi-structured XML files, and 
unstructured texts and images. Among these information media containing 
geographic information, the text documents have not received sufficient 
attention from the Geographical Information (GI) Science community, because 
they were not recognized as an important source for GI Science in the past few 
decades, when the majority of GI Science was focusing on the digital map 
systems and spatial databases (Jones and Purves, 2008). Since such huge amount 
of geographical information within text documents of human natural language 
has not been properly processed, it turns into a problem for people while using 
various information services, which cannot fulfill people’s information need 
requiring some sort of geographical semantic. This problem has becoming more 
and more demanding due to the information explosion brought by the 
prevalence of Internet and World Wide Web (WWW).  
According to Yu et al. (2007) and Jones & Purves (Jones and Purves, 2008), 
there are two reasons why recently public access to GI via the Web has been in 
great demand. 
(1) Most people tend to be more interested in the geographical contents in text 
document of human natural language, since it is the most common way to 
communicate information among the human society. Besides, these text 
documents including books, newspapers, and web pages consist one of the 
biggest resource of GI in the world. According to Sanderson’s research 
(Sanderson and Kohler, 2004), about 20% of WWW web pages are concerned 
with locality. And it has also been reported by Sanderson that around 20% of 
information queries submitted to the web search engine Excite contain at least 
one geographical location (Sanderson and Kohler, 2004).  
(2) The geographical footprints of most social, economic, environmental and 
even natural scientific data are recorded in text of human language. If we can 
extract geographical information from those documents written in human 
language text, it will certainly help to analyze the spatial distribution of these 
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social or scientific events, and thus benefit the fields like spatial planning and 
decision making process.  
Although conventional keyword based Information Retrieval (IR) technology 
provides quite a lot of convenient tools (e.g. digital library systems, web search 
engines, etc.) to aid people survive in this era of information explosion, they 
cannot give good answer to queries bearing a geographic semantic. Treating the 
names of geographical locations as ordinary keywords, the conventional IR 
could not well understand the geographical information embedded in web pages 
and users queries. Hence, they are quite satisfactory to most users wanting to 
find sometime by a geographical clue. But, only until recently years from the 
middle of 1990s, peoples from both the academic research society and industries 
realized the importance of improving accessibility of geographical information 
within those unstructured but immense resources of full-text documents. More 
and more contribution has been made in order to improve the situation since the 
last decades (e.g. Larson, 1995; Buyukkokten et al., 1999; McCurley, 2001; 
Jones et al., 2002; Klein et al., 2004; Fu et al., 2005; Frontiera et al., 2008; etc.), 
which gave birth to a new discipline combining GI Science and IR techniques at 
the middle of 1990s.  
Based on the conventional IR systems, most recent GIR research activities are 
mainly focusing on expanding the conventional IR to support a spatial query 
(Baeza-Yates and Ribeiro-Neto, 1999). Besides, there are also some other good 
attempts to build a GIR in a brand new architecture from the ground, such as the 
SPIRIT project (Jones et al., 2001, 2002, 2003 and 2004; Purves et al., 2007). 
To some degree, these existing GIR systems could solve users’ information 
research need with a spatial filter, especially when the users are looking for 
information within a relatively big extent, for example, hotels in Stockholm. 
When you submit the “Hotel” and “Stockholm” as keywords to popular web 
search engines, you could also find most relevant information of your interest. In 
order to make better GIR systems, however, there still remain the following 
tasks to finish (Jones and Purves, 2008).  

• Detecting the geographical information within users queries and text 
documents 
The geographical information contained in text documents includes both the 
named places and the spatial relationship between these named places. Such 
information is expressed as natural language text in the document and need 
to be correctly detected with the help of NLP (Natural Language Processing) 
techniques and other supporting data resources. The name of a certain place 
might be mixed with the name of a person (e.g. “Jack London” is a famous 
American writer, while “London, UK” refers the capital of UK), the name of 
a organization (e.g. in the phrase “talk with Beijing”, the “Beijing” might 
refer to the Chinese government, not the capital of China), or the name of a 
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something in the world. The recognition of geographic entities and 
associated spatial qualifier of relationships comprises the key tasks of geo-
parsing module of a modern GIR system. This process will benefit from the 
research of spatial language people commonly use to express a geographical 
context, and the support knowledge bases including the social, 
environmental and geographical thesaurus (gazetteers).  

• Disambiguating the place names to find the intended one 
The same place names (or toponyms) might refer to totally different places 
on the earth surface. For example, for the same toponym “London”, it might 
refer to a city in “Ontario, Canada” or the capital “London” of UK. As 
inspired from the way how human read text containing an ambiguous place 
names, the contextual knowledge where this argumentative toponym appear 
will help to resolve this problem. The context of a toponym includes other 
named places, and thematic objects that might help to identify this place 
name. This process might also require some prior knowledge and statistical 
study of document context.  

• Interpreting the geometric location of vague place names 
The existing place names in human language context could be categorized 
into three groups: (1) Natural features with perceivable boundary, such as 
sea, rivers, and so on; (2) Administrative regions with fix boundary, such as 
the counties, cities, towns, and so on; (3) Temporary and vague place names 
that are only used to help expressing an event. Among these three categories, 
the third one is very common in human language. Vagueness of geometric 
location comes from the name of geographical features (e.g. Middle Land), 
but is also related to the qualitative spatial qualifiers (e.g., near, close, far) 
around it. As the result, the modern GIR systems need to interpret the 
geometric location of these vague place names with fuzzy extent. An 
external gazetteer and contextual information of text documents might be of 
great help to do this job. 

• Spatially and thematically indexing the text documents within a GIR 
system 
In a GIR system, the answers to users’ spatial queries are produced 
according to matching of the thematic and geographical properties between 
queries and documents. In order to access the relevant documents, the whole 
library needs to be indexed both spatially and thematically. There have been 
many indexing techniques in full-text search as well as the spatial 
information management and GIS field. But how to combine in GIR both of 
these two kinds of indexing techniques with a good performance and least 
change to the existing IR system becomes a key issue for researchers.  
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The indexing of text documents in GIR systems will also affect the way of 
information retrieval and similarity ranking.  It is because the process of 
matching user’s query and candidate documents is based on the indexed 
items, not the original documents. Hence, the indexed items should coincide 
to the most important part of text document if they can’t cover all the 
content, with least computation and storage overhead.  

• Information retrieval model to pick up the relevant documents out of 
the library and ranking the degree of relevance according to their 
spatial and non-spatial properties 
Given a user’s spatial query, information retrieval model and similarity 
ranking need to combine the contribution from the geographical footprints 
and thematic topics of a document to whether it is relevant and how relevant 
it is. Typically, the thematic similarity deals with the closeness between 
topic/event that user queries and the topic/event a document is talking about. 
The Latent Semantic Index (LSI) is the most widely applied to measure the 
relevance of topics. There are also quite a lot of geographical relevance 
measurements, most of which are based on the intersection part of boundary 
geometries of query and document, while other might also consider the 
shape of boundary and corresponding distance between them. Combining 
these two relevance scores to generate the final one for the query processing, 
the weighted combination is most common. But the problem is how to 
determine the weights according to the user’s real intend which might be 
able to be guessed from context of the query statement he or she made.   

• Effective user interface to help users to find the needed information 
more precisely and quickly 
Different from the conventional IR system, the GIR system will result in 
documents with geographical information, which might not be appropriate to 
be represented only in text. Geographical information consists of locations 
of ground features in 2D or 3D space. When there are many named places 
involved in the result list, a map GUI might be necessary for the users to 
better examine the correctness of results or the modify her/his query. 
Functionality to change the weights of geographical and thematic relevance 
scores could also be provided within the user interface of GIR system, if the 
default weights could meet users’ needs.  

• Approaches to evaluate the success of a GIR system 
In most case, it is very hard to evaluate the success of an IR system, because 
the degree of relevance between query and documents depends to some 
degree on the user who carries out this query. Whether a document from the 
result list is useful to user’s information search need or not could only be 
determined by manual interpretation of the document. But there are still 
some approaches that could be applied to theoretically evaluate the 
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performance of a GIR system. In practice, the most common way is to 
benchmark the GIR system based on a testing set of documents where 
answers for certain questions have been made manually ahead of time. 
Another way to make such an evaluation could be based on anonymous 
feedbacks from end users. By tracking the users’ behavior, we can estimate 
the whether the user find the answer to his question in the first few items of 
the result list. More statistical analysis could be executed based the same 
tracking records. More advanced, the system could also adapter itself to be 
more intelligent to users’ favor. But it greatly depends on the architecture of 
this GIR system.   

As stated in the above text, there are still many research issues need to be 
addressed in modern GIR system. Some of them might require new techniques 
to be applied, while others might rely on a better architecture.  

3.2 Purpose and structure of this chapter 
Although there are already some good attempts from both IR and GI Science 
community trying to solve those problems, improvement still need to be made to 
existing solutions. Therefore, this chapter is devoted to a discussion on a better 
solution to these aspects by improving existing solutions or creating a new one. 
In respond to those problems, solutions could be concluded as the following six 
aspects. 

(1) A proper representation model of geographical information for text 
documents based on ontology. 

(2) A better geographical information extractor based on the geographic 
knowledge base, gazetteer and domain ontology. 

(3) An innovative information retrieval model and relevance ranking 
algorithm 

(4) A combined indexing mechanism for both geographical and thematic 
content 

(5) A new GUI integrating digital maps and text contents 
(6) A new system architecture that enable the whole system to self-learn and 

evolve. 

3.3 Key technologies and research needs 
In order to solve the existing problems that modern GIR systems are facing, 
many key techniques need to be developed and applied against these problems. 
In the following sections, some of the most important key techniques that 
modern GIR systems need will be covered based on previous research and the 
author’s own opinion. 
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3.3.1 A proper representation model for the geographical 
information within text documents 
In GIS, the geographical locations of ground features are encoded in numerical 
coordinates under a certain spatial reference system. Different from GIS, in most 
case the GIR needs to deal with geographical footprints of documents expressed 
in text of human language. These geographic footprints to be processed in GIR 
include the place names, addresses, zip codes, telephone numbers, IP address 
and so on. Although not as precise as the geometric coordinates, the later form 
of GI is more common and easy to use for a human being in daily 
communications. Such geographical information embedded in free text of 
natural human language comprises the main resources for modern GIR systems.  
In order to answer the spatial query from users, the GIR systems need the 
geographical locations of named places occurring in documents to retrieve. 
Hence the GIR would be able to test whether the query and document meet 
some kind of spatial qualifier specified by the user statement of information 
search. The spatial relationships involved here include the metric distance, 
topological relationship and cardinal direction. To map a named place to its 
geometric location on earth surface, the Digital Gazetteer is the most widely 
applied approaches. With the help of digital gazetteers, people are able to carry 
out geo-referencing and geographical information retrieval upon that vague, 
unstructured and immense resource of geographical data from text documents 
(Yu et al., 2007). Among the geographical representation of the geo-footprints 
inside a document, the most widely used feature types are centroid, minimum 
bounding rectangle (MBR) and convex hull.  
Basically, the digital gazetteer is a library of named places in a hierarchical 
structure according to their position in the administrative system. Each node in 
the hierarchical structure of digital gazetteer represents a named place on earth 
and its associate descriptive information including name (short name, full name, 
etc.), approximate geographical boundary, centroid, population and some other 
social and environmental facts of this place. Research of digital gazetteers is 
mainly focusing on the interoperability among digital gazetteers, uncertainty of 
digital gazetteers, the automatic detection of place names, interpretation of 
geographical footprints for named places, etc. (Yu et al., 2007) The following 
picture (Fig. 3.1) is an example of a simple gazetteer.  
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Figure 3.1 An example of a simple digital gazetteer 

Famous digital gazetteers in the world include the TGN (Getty Thesaurus of 
Geographic Names), the GeoName gazetteer, the World Gazetteer, and the 
Alexandria Digital Library Gazetteer. The data contents in different versions of 
gazetteers, no matter commercial products or free versions, are almost the same. 
The difference exists in the accuracy and updating frequency of data. The 
following figure (Fig. 3.2) provides an example of data contents inside a node of 
GeoName gazetteer. 

 

Figure 3.2 Data content of nodes in GeoName gazetteer 
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In the past ten years, the digital gazetteer has been playing a very important role 
in the development and research of GIR. Since it provides a geo-reference to 
most common named places, together with geographical thesaurus, the digital 
gazetteer has been used to help determining the geographical approximation for 
text documents that modern GIR system will index and retrieve (Alani et al., 
2001; Fu et al., 2000). Based on the domain ontology of GI, geographical 
thesaurus and digital gazetteers, recent GIR research has adopted an integrated 
approach to represent, detect and estimate the geographical information from 
documents of natural language (Jones et al., 2001, 2003; Fu et al, 2002; Mata, 
2007; Vestavik, 2004). Beyond the geographical location of places, the implicit 
parent-child relationships between named places could also be derived from the 
structure of digital gazetteers. Based on the contextual properties of named 
places, co-occurrence model of places within the same document has been 
invented to help disambiguating the places, which might refer to totally different 
places within different context (Overell and Rüger, 2008). A good example of 
this problem is the named place of “London” in Ontario, Canada or the capital 
of UK.  
Although the use of digital gazetteers brings a big improvement to the 
performance of modern GIR systems, existing digital gazetteers still have some 
problems.  
(1) One of the problems is the vagueness of geographical information within the 

named places and spatial qualifier of natural language. Such vagueness or 
uncertainty comes from the vagueness of human language when 
communicating geographical concepts between each other. The qualitative 
description of information is more common in human language than the 
quantitative one. The vagueness might include different geographical 
boundaries, different feature types, data content changing over time, 
vagueness caused by abbreviation and so on. The same toponym could be 
differently interpreted among different information community. There are 
some named places that are widely used but never have a fix geometric 
boundary. More interestingly, although there is no fence surrounding the 
campus of KTH (Royal Institute of Technology, Sweden), people who are 
familiar with KTH always have a rough or general boundary of KTH in their 
common sense (Fig. 3.3). Those people won’t face any problem when 
talking about events or buildings inside or outside KTH during their 
conversation. But this might cause problems for computer to process the 
queries like “restaurants inside KTH”, because a fix and numerical boundary 
of KTH is needed in such cases. 
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Figure 3.3 Where is the boundary of KTH? 

(2) Besides, there are a large number of temporary or implicit places existed in 
the text documents, for example, “the building is located just between the 
university and the stadium”. Traditional gazetteer does not cover such kind 
of places, and thus can not provide geo-references for them.  Of course, you 
can create a new geo-reference in the database by interpolating the middle of 
the two reference objects. The problem now is how to determine its 
boundary. In most cases, it is much better to maintain both the reference 
objects and the spatial qualifier, which together identify the location of this 
event.  

(3) The interpretation of these vague spatial qualifiers might depend on the scale 
and shape of reference objects. For example, the “near” qualifier is the most 
commonly used spatial predicate by the GIR users since people always care 
more about the things and events happened in their locality. But in reality, it 
is very hard to assign a proper distance from reference object to represent the 
“near” qualifier. Take a look at the following figure (Fig. 3.4), one can easily 
see why this problem really matters. The locality of reference objects (the 
level in the digital gazetteer) will certainly have an impact on this distance. 
The more local the reference objects are, the smaller distance it should be 
assigned to represent the qualifier “near”. The specialty of thematic topic to 
search for might also affect this distance. 
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Figure 3.4 Different interpretation of spatial qualifier “near” in different scales and reference 
object 

Besides, there are some other spatial qualifiers are more qualitative rather 
than quantitative, such as the cardinal direction relation. The cardinal 
direction relation is another example of those spatial qualifiers whose 
interpretation might also be affected by the shape of reference objects (Yu et 
al., 2007).  In addition to the shape of reference objects, the geographical 
approximation of these objects will change the results when evaluating the 
cardinal direction relation between geo-objects. For instance, in Fig. 3.5(a), 
the interpretation of cardinal direction relationship between object B and A 
is depending on the reference point of A, which is a linear object. The same 
task could also be affected by the geographical approximation of the linear 
object A. As shown in Fig. 3.5(b), the linear object A is represented using 
either MBR or Convex Hull approximation in a GIR system, which is very 
common nowadays. Then the interpretation of cardinal direction relationship 
between the point object B and linear object A with a fixed reference point 
various with different types of geographical approximation of A. If 
approximated using MBR, B is regarded as in the north of object A, while if 
approximated using the Convex Hull, B is to the north of object A. 
Additionally, the cardinal direction relations might also be changed during a 
transformation of map projection (Yu et al., 2007). Since in modern GIR 
both the queries and documents for retrieval are encoded in text of human 
natural language, conceptual closeness and qualitative relationships are more 
suitable than those determined by mere geometric measurements (Egenhofer 
and Mark, 1995; Worboys, 1996;). Regarding this issue of interpretation, the 
qualitative and conceptual approaches should be applied, while dealing with 
human concepts and knowledge expressed in human natural language (e.g. 
IR/GIR). Taking the conceptual relationship of “near”, as also pointed out by 
Worboys (1996), a proper interpretation of closeness should consider the 
scale of both target and reference objects, the context of target object, and 
even the background knowledge about the people who said this word. It 
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makes differences from people who are familiar with this area to those who 
are not. People who always drive a car tend to mean a larger geographical 
range when they say “near” in their words than those who always go out by 
foot or cycle. 

 

Figure 3.5 Shape and geographical approximation will affect the interpretation of cardinal 
direction 

From the above discussion, it could be concluded that modern GIR need to deal 
with quite a lot of query and geographical information in a more qualitative way, 
rather than the quantitative way from the specialized GIS. In most cases, the 
geographical information is fuzzily represented in vague named places and 
spatial qualifiers. When submitting the queries to GIR, people are also more 
used to input their questions in few keywords or short phrase of natural language 
in a qualitative way, such as “hotels near the T-Centralen”, “café shop inside 
KTH”, “Chinese cities to the north of Yellow river”, and so on. Although the 
simple representation of geographical information in precise geometric 
coordinates could solve part of those problems to some degree, it is always 
problematic for GIR because of uncertainty and vagueness. How to qualitatively 
encode such kind of geographical information (both location and spatial 
relationship) remains as a challenge to both researchers in GIR field and in GI 
Science field.  
In the GI Science field, more attention has been paid to the concept of “place 
based GIS”, which treats geographical information as named places, and thus 
qualitatively query and reason upon these vague but more user friendly 
geographical information. Semantics of various spatial qualifiers have been 
studied and applied in the process of qualitative spatial reasoning (QSR). 
Geography domain ontology has been the most proposed tool to model the 
geographical information in a qualitative way (Klein et al., 2005; Fu et al., 
2005). QSR is quite popular in Artificial Intelligence (AI) and GI Science. In AI, 
QSR is more dedicated in the formal representation of qualitative geographical 
information to build a system that could do reasoning; while in the GI Science 
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society the QSR is mainly concerning the spatial distribution of features and the 
semantics of various spatial qualifiers. 

 

Figure 3.6  Comparison of Traditional GIS, GIR and Place based GIS 

However, for the modern GIR system, a compromise solution, which is able to 
deal with that qualitative geographical information but in computationally 
efficient way, is actually needed. One of the promising representation models is 
the Generalized Place Name (GPN) model proposed by Yu et al. (2007). In 
order to solve the problems of vague named places and spatial qualifier in GIR, 
the GPN was invented to better represent the geographical information including 
both locations and spatial relationships within a text document. Comparing to 
the simple named places model used in digital gazetteers, the GPN could 
directly or implicitly geo-reference any text content that describes a certain 
location on earth surface. Such text might include the IP address, telephone 
number, zip codes, place names, street address and other free text that describe a 
temporary place. As proposed by Yu, the GPN could deal with the following 
three types of explicit or implicit place names, which cover all the geographical 
references contained in text documents. The UML model and classification tree 
(Fig. 3.7) of GPN is also provided in Yu’s paper (Yu et al., 2007). 

 
(a)  
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 (b) 

Figure 3.7 (a) Classification tree of GPN; (b) UML model of GPN (proposed by Yu et al., 
2007) 

The most important advantages of GPN versus traditional digital gazetteers are: 
(1) Not only named places, but also all the other geo-references could be 
collected and represented in the GPN library; (2) Not only the geometric 
boundary, but also the qualitative spatial qualifiers are remained in the GPN 
library to enable spatial reasoning. By introducing the scale and timestamp, the 
geographic footprints in GPN are also more advanced than the digital gazetteers. 
Contextual information is included to solve the ambiguity among places share 
the same names.  But obviously, the GPN will bring more geo-parsing and 
storage overhead when introducing it to modern GIR systems. Typically, most 
GIR systems are built as an extension to existing IR systems. How could the 
GPN library be integrated into and used by the conventional IR systems still 
requires lot of research and experiments. The structural complexity of GPN will 
also certainly require more computational resource. In addition, in GPN library, 
there will be more than one geo-reference for a single document. These geo-
references, no matter inside the same document or between documents, are 
connected to each other via spatial relationship and hence form a huge network. 
A quick indexing mechanism and search algorithm is especially needed to find a 
GPN throughout the network. 
From the author’s point of view, a possible way to build a GIR system using 
GPN library is that the thematic and geographical retrieval processes are 
executed respectively. Then the results are combined and ranked according to 
both the similarity score in thematic dimension and geographical dimension.  



48 

 

Figure 3.8 Co-occurrence model of geo-footprints in GIR 

Concerning that fact that there will be more than one geo-footprint in a single 
document, the co-occurrence model of these geo-footprints could be studied to 
estimate the importance of each place towards the document. For the example in 
Fig. 3.8, if we merely consider the geographical similarity, which document of 
Doc1 and Doc2, should stand in the front towards a query like “Something in 
Stockholm”. They are the same in frequency of occurrence of the term 
“Stockholm”. But in the first document, there is only one instance of named 
places (“Kista”) inside Stockholm; while in the other document, the named place 
“Solna” appear three times in the document. The same question might grow 
much more complex with the co-occurrence model contains more geo-footprints 
and corresponding spatial relationships among them.  We need to know not only 
the geo-footprints of documents, but also the most importance of each geo-
footprints. In other words, we need to find out which place is this document 
mainly talking about. Together with the geographical similarity, this importance 
score could then be used to rank the geographical relevance between the query 
and document. More about this new information retrieval model and ranking 
algorithm will be introduced in the following sections. 

3.3.2 A better geographical information extractor 
The recognition of geographical evidences from documents is the first step when 
building up a GIR system. Generally speaking, the geographical evidences are 
easy to extract after the lexical analysis upon original documents. Occurrences 
of geographical footprints within a document might be in the form of place 
names, street addresses, telephone numbers, zip codes, IP address, DNS or even 
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coordinates under a certain referencing system. With the help of text pattern 
matching (regular expression), digital gazetteers and geographical thesaurus, 
such text that represents a geo-reference on earth could be well identified. 
Thanks to the geocoding technology, a proper geographical location could be 
assigned to those geo-references, which are described as street addresses, zip 
codes or telephone numbers but not included in the digital gazetteer. However, 
there are still a large proportion of geo-references inside the text documents 
remained unresolved or mis-resolved in modern GIR systems, due to the 
following reasons. 

a) Different places can share the same name, thus need the contextual 
information to make disambiguation. For example, “London” should refer 
to a city in Ontario, Canada when it appears in a text document talking 
about Canadian tourist sites. But if it shows up in the news report about 
the cities to host Olympic game in 2012, it certainly refers to the capital of 
England. Another example is the Springfield in the United States. There 
are more than 30 places called Springfield in US and could only tell them 
from each other while specifying the name of their state at the same time. 

b) Temporary or implicit places are always ignored in modern GIR system. 
These unnamed places are always referred to by a couple of other named 
places and spatial qualifiers, e.g. “the hotel is located behind the Seven-
Eleven and to the north of No.2 high way”.  

c) Geographical qualifiers are always ignored during the process of 
information extraction, since there is quite a lot of vagueness and 
uncertainty among these qualitative descriptors of spatial references. But 
they are large in number in fact. People are more used to a qualitative, 
simple and effective way of communication rather than the precise, 
quantitative but inconvenient way (Fig. 3.9).  

 
Figure 3.9 Quantitative and qualitative description of geographical information 
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d) The geographical boundary and relationships might change over the time. 
A named place might also have one or several obsolete or deprecated 
names that are mainly or only used in the past.  

e) The type of geometric feature representing a geo-footprint might also at 
different scales. For example, the “Solna” district might represent to be a 
point at the global scale, but in the Stockholm local coordinate system, it 
should be represented in MBR, Convex hull or even true boundary of 
polygon to be efficient in query processing. 

In recent years, some of the above problems have been solved more or less, with 
the development of domain ontology, geographical semantic web as well as 
digital gazetteers and geographical thesaurus. Concerning the representation of 
knowledge, the use of ontology clarifies the structure of domain knowledge, and 
such formal definition could then be shared, conveyed and reused to avoid 
disambiguation of certain concepts. In both computer science and information 
science, ontology is the formal representation of common concepts within a 
domain and the relationships between those concepts. It is used to reason about 
the properties of that domain, and may be used to define the domain (Wikipedia, 
2008). Ontology has been applied in many fields of information science and 
computer science, including the AI, semantic web, software engineering, etc., as 
a form of knowledge representation for the universal world or part of the world. 
In general, the definition of an ontology will include the following elements.  

• Instances (or individuals, objects, etc.) 
• Classes (or types of objects, kinds, concepts, etc.) 

• Attributes (or properties, features, characteristics, parameters, etc.) 
• Relations (or relationships) 

• Function terms 
• Restrictions 

• Rules 
• Axioms 

• Events 
Ontology is always encoded using ontology languages, and the most popular 
ontology language is Web Ontology Language (OWL), which is endorsed by 
World Wide Web Consortium (W3C) and designed for usage over the Web 
environment. The following figure (Fig. 3.10) shows a simple ontology model 
for the common concepts and relations used in GI Science field.  
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Figure 3.10 Part of Ontology Model for the OGC GML Specification 

However, in most cases where ontology is defined to represent the domain or 
universal concept and knowledge, most people currently only pay attention to 
ontology definition for static structures of domain. Concepts and relations are 
the most common parts in existing ontology models for domain knowledge. 
Rules, axioms, events are seldom to appear in existing ontology models to 
enable more advanced geographical information extraction and spatial reasoning. 
Besides ontology, place-based GIS is also considered to be another promising 
theory to manage the geographical information in a qualitative way that is close 
to the way how human do it. Text data mining technique is one of the promising 
tools from the computer science community.  
In the author’s opinion, the key problem here is that the computer cannot fully 
understand the way that people write text on the semantic level. Ontology only 
gives definition of the static structure of concepts used in a domain. More 
knowledge about the genetics and interaction among different concepts might be 
of great to help identifying and extracting geographical information from text 
document. The knowledge base (KB) is one of the potential ways to collect the 
common knowledge in a domain. In the IR context, a knowledge base is a set of 
information used by a person or program to perform a function (Meadow et al. 
2007). According to Teskey F. N. (1989), in IR, a KB may be used by the 
retrieval software to: 

• Select the database to be searched; 

• Assist users in composition or modification of search; 
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• Parse data (messages) received from the database, meaning to 
decompose a message into its components and identify the syntactic role 
of each; 

• Interpret, or assist the users to interpret output; 

• Make decisions or assist in deciding whether to accept retrieved output 
or revise a query. 

From Teskey’s statement in the above, in conventional IR the KB has been 
applied to help extracting information. A geographical knowledge base could be 
established and guided the process of geographical information extraction. 
Disambiguation of concepts could then easily be fulfilled according to common 
patterns of sayings in this domain defined as a KB.  The definition of KB could 
help the IR systems to understand the most possible combinations of different 
concepts in a single sentence, and then each component of this sentence could be 
correctly identified, extracted and parsed. A knowledge base may use an 
ontology to specify its structure (entity types and relationships) and 
classification scheme. An ontology, together with a set of instances of its classes, 
constitutes a knowledge base (Wikipedia, 2008). But the ontology required by 
the KB will need to be concentrated on the rules and axioms for reasoning, 
pattern matching and data validation. Taking some pieces of simple knowledge 
from hydrology for the examples, a common piece might look like the following 
text. 

• Rivers could be represented as lines or polygons according to the scale 
of interest. 

• A river has starting and ending points, and the direction of this river is 
from the starting point, along the shape of this river, and finally to 
ending point. 

• A river might have touch or intersection relationships with one or more 
other rivers. 

Such knowledge could be useful for the computers to understand the syntactic 
structure of textual statements of geographical events or facts. Some heuristic 
rules could also be set up based on such prior-knowledge to help interpreting the 
geographical semantics contained in text documents. 
For these promising new approaches to extract geographical information from 
text documents, there is still a long way for these emerging theories and 
technologies to go before forming a perfect solution for the above retrieval 
problems.  
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3.3.3 An innovative information retrieval model and relevance 
ranking algorithm 
In an eligible GIR system, all related documents stored in the system should be 
returned, while the most important and concerned ones should be put in the front 
rows. To achieve such a goal, the information retrieval model, which estimates 
the similarity between document and query, remains to be the vital problem. 
This problem has been well solved from the thematic perspective, which leads to 
the great success of Google and Yahoo. But its geographical counterpart is far 
from satisfaction. In existing GIR systems, single or overall geographical 
footprint is always adopted. In single geographical footprint model, the chosen 
geographical reference of those appeared in the text document will be adopted as 
the geographical boundary for this document. The one being chosen could the 
most important one (frequency) or a random one. In the overall model, the 
geographical boundary of a text document is produced by aggregating all the 
existing geographical references within the same document. Among various 
kinds of single/overall geographical footprint model, the following four 
approaches of representation are most important (Fig. 3.11). 
 

 
Figure 3.11 Geographical footprints of single model (a) centroid (b) mbr (c) convex hull (d) 

generalized polygon boundary (Source: Frontiera et al., 2008) 
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Table 3.1 Functions to measure spatial similarity between query and document 

Reference Formula 

Hill (1990) 2 / ( )× +O Q D  

Walker et al. (1992) ( / , / )Min O Q O D  

Beard and Sharma (1997) 

Case 1: Q contain D: /D Q  

Case 2: Q and D overlap: 
100*

(1 )*100 100− +

O
Q

O
D

 

Case 3: Q contained by D: /Q D  

Janée (2003) (Union) ( )
O

Q union D
 

Janée (2003) (HD) 

Hausdorff distance between Q and D = 
( , )HD Q D  
( , ) max( ( , ), ( , ))=HD Q D hd Q D hd D Q  

Where:         
( , ) max(min( tan ( , )))=hd Q D dis ce q d  

                     
( , ) max(min( tan ( , )))=hd D Q dis ce d q               

Where 
D=area of document region 
Q=area of query region 
O=area of overlap between Q and 
D 

Range for first four methods:  0 (not similar) to 
1 (same) 
Range for HD: 0 (same) to +∞ (not similar) 

Source: Frontiera et al., 2008 

During the previous efforts of GIR in the aspects of geographical similarity 
measurement, most approaches are based a single geometric spatial properties, 
either the intersection of the query’s and the document’s geographical 
boundaries or the Hausdorff distance (see Table 3.1). Based on the geographical 
footprints encoded in MBB (Maximum Bounding Box or MBR, Maximum 
Bounding Rectangle), the first approach in Table 3.1 is quite easy to understand 
and implement. But the Hausdorff distance approach not only considers the area 
of intersection, but also takes into account the similarity of shapes between 
query’s region and document’s region, as well as the distance between them (see 
Figure 3.12). 
Among those single geographical footprints, the MBB and the Convex Hull are 
the most popular approximations. The MBB approximation is simple, quick, 
easy to implement but coarse and can’t model the shape the document boundary. 
Convex hull gets a balance between the simplicity of MBB and the ability of 
true boundary to model the shape. But obviously, the convex hull approximation 
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will result in more storage and computation overhead. Many useful discussions 
have been made to evaluate which one to take in a real GIR system (Frontiera et 
al., 2008). Since in current GIR systems, most users care more about the locality 
and most queries will have the spatial qualifiers “near” and “inside”. Hence the 
MBB and convex hull approaches have little difference in retrieval accuracy but 
the MBB works much faster than the later one (Frontiera et al., 2008).   

 
Figure 3.12 Comparison of two spatial similarity measuring approaches 

Besides the simple geometric measurement based approach, there are also other 
more complex but more effective algorithms for spatial similarity calculation. 
The probability ranking approach is one of the most well-known. With the help 
of logistic regression, an equation could be established to map the factors, which 
might affect users’ decision of relevant document, to the degree of relevance. 
Based on manual interpretation, a training dataset, queries and preferred answers 
could be prepared to help determining the parameters in the logistic regression 
formula (see Equation 3.1).  

 
0log ( | )

1

1( | ) log ( | )
1

β β
=

= = +
+ ∑

n

i iO R X
i

P R X and O R X X
e             

(3.1) 

( 1, 2, , )= 

i
X i n  represent the factors that might affect the final probability of being 
relevant document, and βi  are the parameters for corresponding factors. Useful 
factors could be the ratio of overlapping area against the area of query, the ratio 
of overlapping area against the area of document, and so on. The main 
advantage of this probability ranking approach could provide an optimal or a 
near-optimal retrieval performance, and the ability to use statistical methods 
with meaningful indicators for both the design and evaluation purpose of a GIR 
system. Its primary drawbacks include: (1) difficult to estimate probabilities of 
relevance in a way that is reasonably accurate and computationally efficient; (2) 
prior-knowledge: manually interpreted or ‘guestimated’ information of 
relevance is required before probabilities estimating; (3) hard to find important 
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indicators of relevance for the model. According to Fronteria (2008)’s result, the 
probabilistic approach could better estimate the spatial relevance than the two 
single geometric approaches mentioned earlier. But another problem is this 
logistic regression model might be restricted to the training set or a certain field 
that this training set is represented for. 
Although the single or overall (aggregated) geographical footprint model is 
simple, straightforward, and quick, this might cause problems of overestimation 
and underestimation of geographical scopes for the text documents. In the 
following text list the three possible geographical footprint models. 

(1) Single geographical footprint model (see Fig. 3.13(a)) takes the most 
important named place or even a random one as the document’s 
geographical boundary. This method is simple and quick, but might cause 
problem of underestimation. Take the Fig. 13(a) as the example, if Beijing 
is chosen as the geographical boundary for the document, this document 
might miss to match with the queries for the same theme at TianJin and 
ShiJiaZhuang. In fact, this document does mention these two places, and 
should be viewed as a relevant document for queries looking for these two 
places, although they are not so important in document as Beijing because 
of the frequency of occurrence. 

(2) Overall/Aggregated geographical footprint model (see Fig. 3.13(b)) 
takes the aggregation of boundaries of all the geographical references as 
the final geographical footprint for this document. Although a weighted 
aggregation could be made according to the frequency of occurrence for 
each place, the overall geographical footprint model might cause problem 
of overestimation. In Fig. 3.13(b), if there are some other words 
mentioning “China” in the same document, the overall geographical 
footprint might be the boundary of whole China. Overestimation will not 
miss any relevant documents, but it might lower the score of similarity 
ranking for this document, and make this document fail to appear in the 
top of result list. This will also do harm to the system performance and 
user experience. 

(3) Multiple geographical footprint model (see Fig. 3.13(c)) tracks all the 
unique geographic references for each document. Thus it will not suffer 
any problem like overestimation or underestimation. But the problem is 
how we can estimate the geographical similarity between query and 
document in a proper way.  
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Figure 3.13 Geographical footprints models: (1) single model; (2) overall/aggregated model; 

(3) multiple model 

Most current GIR systems are using the single and overall/aggregated 
geographical footprint approaches, because of their simplicity and 
computational efficiency. But nowadays, people begin to care more about the 
accuracy and performance of IR systems, due to the fast propagation of 
information over the WWW. Whether it could provide the best matching answer 
on top of result list has also been the key to the success for a modern web search 
engine. For GIR, the most fundamental problem is how to better estimate the 
geographical similarity between query and document.  
From the author’s point of view, the multiple geographical footprints model 
should be applied to represent the geographical information contained in a single 
document. The inter-impact of these spatially related geographical entities 
within a document is worthy of being studied to help the process of estimation. 
In addition to the spatial similarity between query and documents, the degree of 
importance of each place to its hosting document should also be put under 
consideration. Since there are several geographical references in a single 
document, not all of them are equivalently described within the context of 
hosting document. The following aspects are worthy of consideration. 

(1) The most obvious indictor to estimate the degree of importance is the 
frequency of occurrence. Because, as stated earlier, uncertainty and error 
are all over the Internet and WWW, from the viewpoint of probability, 
this document should have the highest probability to be talking about the 
most frequent place, comparing to other places within the same document. 
In other words, we can say that the most frequent geographical reference 
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is most important to this document in the geographical dimension. Hence 
most frequent geographical references have good reason to receive the 
highest score. People want to see this document on top of the list when 
querying by the named place with the biggest number of occurrence.  

(2) Besides, the occurrence of one named place could serve as an evidence for 
the occurrence of another named place, which is spatially related to the 
previous one. Such impact varies with the strength of different spatial 
relationship between geographical references within the same document.  

(3) Furthermore, the importance of a certain named place will also influence 
the inter-impact it casts on the other places. If place Solna is quite 
important for document A and in the same document there is another 
named place “Stockholm” which contains Solna, it is safe to say that the 
document A should also have good probability to be talking about 
something in the city of “Stockholm”. 

 
Figure 3.14 Network of geographical evidences 

These three principles provide a basis for evaluating geographical importance 
for each single unique geographical reference within a document. Hence, in the 
multiple-geofootprint model, the geographical adjacency and geographical 
importance will finally be merged to generate the final score of geographical 
relevance. A network (Fig. 3.14) of these multiple geographical references could 
then be established during this process.  
Another important problem of this part is the combination of the two similarities 
in the thematic dimension and geographical dimension. The most popular way to 
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combine these two similarities is a weighted linear combination of both 
similarities demonstrated in the following equation (Equation 3.2).  

 
Re ( , ) Re ( , ) Re ( , )ω ω= ⋅ + ⋅T T G Gl q d l q d l q d

                            
(3.2) 

Where Re ( , )l q d  denotes the relevance between the query q  and document d ; 
Re ( , )Tl q d  denotes the relevance between the query q  and document d  from the 
thematic scope, which tells how q  and d  are relevant to each other in thematic 
topic; Re ( , )Gl q d  denotes the relevance between the query q  and document 

 

d  
from the geographic scope telling the geographic closeness of q  and d ; ωT  and 
ωG  are two weighting factors for the geographical and thematic relevance 
components. 
But static weights of ωT  and ωG  might cause problem because the weights 
might vary among different scenarios of queries.  
Generally speaking, it is nearly impossible to find two static weights that could 
be suitable for any case of queries. In fact, the weights have great concern with 
the specificity of user queries, both in the geographical aspect and the thematic 
aspect. What’s more, different people might have slightly different point of view 
on which component is more important than the other. Assigning the same 
values to ωT  and ωG , the table (Table 3.2.) lists some special cases, which might 
cause problems to the accuracy of modern GIR system.  

Table 3.2  Special cases during the similarity ranking process 

Re ( , )Tl q d  Re ( , )Gl q d  Re ( , )l q d  
0.5 0.5 1.00 
0.9 0.1 1.00 

0.9999 0.0001 1.00 
0.1 0.9 1.00 

0.9999 0.0001 1.00 
0.45 0.45 0.90 
… … … 

It is obvious that people prefer on top of result list those documents that are 
highly relevant in both aspects. But under some certain circumstance, they might 
care more about one of the two components. For example, when people are 
trying to find a restaurant near a small area (“restaurant near KTH”), they might 
be more sensitive to the distance of target restaurant from reference points. In 
other words, people care more about the geographical locality under such 
situations. On the contrary, when people are looking for something within a 
relatively large geographical range, they are more sensitive the thematic part. 
Similar pattern might also be found from the thematic aspects. The more 
specified thematic terms, the higher weight needs to be assigned to the thematic 



60 

dimension. Similarly, the more general thematic terms, the lower weight needs 
to be assigned. The following figure (Fig. 3.15) gives an example of these 
principles.  

 
Figure 3.15 Specialty of query in thematic and geographical dimensions 

A recent research has been devoted to study the specificity of queries (Yu and 
Cai, 2007), which will influence the weights for each query. Basically, this is a 
promising approach that could solve the problem of similarity combination to 
some degree. Beyond the weighted linear combination, there are also some other 
ways to produce a final score of relevance based on the two in thematic and 
geographical scopes. Based on the fact that these two scopes are independent 
from each other, the Euclidean norm of scores in these two dimensions could be 
calculated as the final value of relevance ranking. 

 

2 2Re ( , ) Re ( , ) Re ( , )= +T Gl q d l q d l q d
                                     

(3.3)
     

From the author’s point of view, the combination of similarity scores needs to 
consider the following four factors. 

• Re ( , )Tl q d  - Similarity score in thematic scope; 

• Re ( , )Gl q d  - Similarity score in geographical scope; 

• TS  - Specialty factor of query term in thematic scope; 

• GS  - Specialty factor of query term in geographical scope; 

Similar to Equation 3.1, the same logistic regression approach could be applied 
here to figure out the function of combination. During the logistic regression 
process, two feature variables will be: 
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• 1 Re ( , )= ⋅T TX l q d S - Thematic component 

• 2 Re ( , )= ⋅G GX l q d S  - Geographical component 
Training of the logistic regression in Equation 3.1 will be carried out using the 
values of 1X  and 2X  extracted from manual interpretation of text content of 
sampling documents. Then this logistic formulation could be used to make 
prediction on new queries and documents, based on the new values of 1X  and 

2X . 

The TS  value could be calculated from the semantic level of corresponding 
query term in a chosen thesaurus. At the meanwhile, the GS  value could be 
derived from the geographical gazetteer. A widely collected training dataset 
could then be used to work out this logistic regression. This approach has the 
potential to be able to generate a more proper combined score of similarity out 
of the two individuals in respective scopes. More effort of research is worthy to 
be put in this aspect. 

3.3.4 A combined indexing mechanism for both geographical 
and thematic content  
Indexing techniques enables the fast retrieval of related document from the 
document library. The inverted file structure is the most important indexing tool 
based on key words for existing web search engines to find chosen document in 
a short time. But for the GIR systems, the documents need to be indexed based 
on both the thematic and geographical features.  
As stated earlier, the inverted file structure (or referred as posting files) is the 
dominant indexing mechanism, which is widely applied in modern web search 
engines. Inverted file structure enables quick full text search based on one or 
more key words as query terms. There are three basic components in the IFS: 
document file, dictionary and inversion list. According to Berry and Browne 
(2005), the data contents of each component are explained as follows:  

• The document file is where each document is given a unique number 
identifier and all the terms (processing tokens) within the document are 
identified;  

• The dictionary is a sorted list of all unique terms (processing tokens) in 
the collection along with pointers to the inversion list;  

• The inversion list contains the pointers from the term to which 
documents contain that term, and there will also be the frequency and 
location of that term in each related document. In most cases, the 
inversion list is made of two parts: the vocabulary and the occurrence 
table. The vocabulary is linked to the dictionary and the occurrence 
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table describes the occurrence of each keyword in associated documents, 
as stated by its name. 

Fig. 3.16 shows an example of inverted file structure.  

 
Figure 3.16 Inverted file structure (source: Berry and Browne, 2005) 

 

 
Figure 3.17 Spatial indexing techniques (grid file, kd-tree, space-filling curve and quad-

tree/octree) 

Among the spatial indexing techniques, there are also some quite successful 
indexes, which have also been widely applied in GIS and Spatial database 
systems (SDB). Popular spatial indexing techniques are grid file, space-filling 
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curve (e.g. z-Order, Peano-curve, Hilbert curve), quad-tree, octree, kd-tree and 
R-tree (Guttman, 1984) family (e.g. R-tree, R+-tree, R*-tree), as listed in the 
following two figures (Fig. 3.17 and Fig.3.18). Among these spatial indexing 
techniques, the R-tree family is the most important one, which is always 
considered as the B-tree in 2-dimensional space. 

 
Figure 3.18 R-Tree Spatial indexing technique 

Concerning the approaches to combine thematic and spatial indexing techniques 
in modern GIR systems, there could be four different styles according to Lin & 
Yu (2007) for the single geographical footprint model.  

(1) Pure Keyword Index (PKI) - Under this indexing mechanism, the IR 
systems will first find out all the candidate documents according to the 
keyword in users’ queries with the help of the inverted file. Then a 
sequent scanning will be performed among all the candidate documents 
to find out which are within the geographical scope determined by the 
queries. 

(2) Keyword-Spatial Dual Index (KSDI) - In this case, both a keyword 
based inverted file and a certain type of spatial index, such as R-Tree 
family (Guttman, 1984), grid file (Gaede, 1998), will be established 
independently. While processing a query in GIR system, these two 
indexes will be applied to thematic scope and geographical scope 
respectively. Thus a special logical operator “AND” will be executed to 
merge the two candidate result sets into one final set. 

(3) Spatial-Keyword Hybrid Index (SKHI) - First of all, a special type of 
spatial index (e.g. R-Tree family) is built up upon all the documents 
based on their spatial extent. Then on each the leaf node, there is a 
pointer to the inverted file which includes all the document ids with the 
boundary of this leaf. A typical process of solve a query in GIR systems 
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using SKHI will start with a spatial query in the aid of an R-Tree index 
to pick out all the candidate documents that are relevant to geographic 
scope stated in users’ queries. After that, all the occurrence tables of the 
candidate documents are loaded and kick away the irrelevant from the 
previous result set. 

 

 
Figure 3.19 Two Hybrid indexes: SKHI (up) & KSHI (down) 

(4) Keyword-Spatial Hybrid Index (KSHI) - In contrary to KSHI, SKHI 
follows a total inverted way. A full-text keyword based inverted file is 
built up first to index all the keywords and their occurrences within all 
the documents. After that, a series of R* trees are created and placed 
between the Vocabulary and Occurrence to index the Occurrences 
according to their geographic approximation. Finally, the occurrences 
table will be divided into several smaller ones and put in the leaf nodes.  
While answering the GIR query, the Vocabulary is taken into account 
first to find out all the possible documents. Then a spatial examination 
will be executed on all the related R-trees of candidate documents to 
form the final result set. 
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Figure 3.20  The proposed hybrid index combining SFC and inverted file structure 

Concerning a proper combined indexing technique for modern GIR systems, the 
following aspects need to be taken into account: efficiency, storage overhead 
and operability. A trade-off should be made among these three aspects. Since 
most modern GIR systems are built as an extension to a current conventional IR 
system, it is found that the KSHI is most suitable (Lin and Yu, 2007), as it has 
an acceptable efficiency and least change to current index structure of 
conventional IR systems (as shown in Fig. 3.20).  
But it is relatively more difficult to find a proper indexing mechanism for the 
multiple geographical footprint model, because there will be more than one 
geographical reference contained in a single document. The hybrid index of SFC 
and inverted files will not be applicable under this circumstance, since in this 
index structure there is only one slot allowed in the inverted file structure for the 
storage of geographical information within the same document. Although it is 
absolutely possible to put one or more geographical references together with this 
single slot, then it might result in four consequences: (1) variant length of 
geographical section; (2) swelling inverted file structure; (3) a large number of 
spatial indexes; (4) possible duplicated data (see Fig. 3.21 for more detailed 
explanation). All these four results will definitely decrease the indexing 
performance of the whole GIR system, because large inverted files with data 
field of variable length will actually slow down the process of information 
retrieval, and small spatial indexes could benefit from the complex retrieval 
algorithm which will only show it power against large dataset. Hence the KSHI 
approach is not appropriate for GIR systems using the multiple-geographical-
footprint model, although it has been proved to be simple and efficient in 
single/overall-geographical-footprint model.  
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Figure 3.21 Potential problems while applying KSHI to GIR system using multi-geofootprint 

model 

In the author’s opinion, the more applicable index for modern GIR system of 
multi-geofootprint model is the KSDI because of the following four reasons. 

(1) High indexing efficiency for information retrieval – In KSDI, an inverted 
file index and a spatial index are built respectively upon the whole 
document library. A single query user submitted to GIR system will be 
split into two parts: the thematic part and the geographical part. Both these 
two parts will then be processed separately using the inverted file index 
and spatial index. Consequently, two result sets will be generated from 
these two parts. An intersection operation of these two sets needs to 
execute to produce the final result set. Similarity ranking will also be 
carried out based on the final result set.  

 
= Final T GR R R

                                                   
(3.4)

 
Although the dual index will bring extra storage overhead, it has the 
potential to be able to notably improve the system performance of 
information retrieval (need a reference).  

(2) Least change to existing conventional IR system – While applying the 
KSDI, the indexing and information retrieval are carried out respectively 
in inverted files and spatial data storage. So it is obvious that KSDI will 
have least change to existing conventional IR systems. The only 
connection point between the two subsystems is the operation of merging 
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two preliminary result sets in thematic and spatial dimension. This process 
could be illustrated as in the following figure (Fig. 3.22). 

 
Figure 3.22 Query processing in GIR system using KSDI index 

(3) No duplicated data storage – The geographical information within each 
document will only be stored, processed and indexed once in the KSDI 
index. No duplicated data storage will happen in such circumstance. 

(4) Benefit from modern spatial database technologies – With the 
development of spatial database techniques, the Spatial Database 
Management System (SDBMS) has been the key component of modern 
GIS for spatial database management. Several operations of spatial data 
types, which will be relatively more complex than operations on simple 
data types, could easily and efficiently be done with the help of SDBMS. 
Additionally, in user interfaces of modern GIR systems, a digital map 
might also be presented together with the text documents to the location 
of each retrieved result. The application of digital maps will certainly 
improve the user experience while using the service. With the help of 
modern SDBMS, one could easily add a simple digital map to his GIR 
system. In short, the SDBMS has great potential to take over the task of 
spatial data management in modern GIR systems. The modern GIR 
system will also benefit greatly from the appliance of modern spatial 
database technologies. 
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3.3.5 A new GUI integrating digital maps and text contents 
The interface of an information system plays an important role to ensure the 
service quality and user experience by guiding the user to use the system in a 
proper way or make a better decision. A good user interface is also required for 
the success of a modern GIR system. In modern GIR systems, the user interface 
could be of great help in the following two aspects. 
(1) A good approach of rich representation for retrieved documents 
Different from conventional IR systems, GIR systems need to deal with both 
thematic and spatial information. Thematic content could remain the same as 
text, while the geographical information requires a totally different way of 
representation. Typically in GIS, the geographical information is rendered in 
digital map of a proper scale. The same approach could also be applied to 
modern GIR systems. However, for modern GIR systems, the problem is how to 
find a proper scale for the digital map embedded into the result page, and how to 
relate the text documents with geographical references on the map. A proposed 
example is Google Map’s search as shown in the following figure (Fig. 3.23).  

 
Figure 3.23 User interface of Google Maps Search 

For modern GIR systems, the difficulty is that neither the user’s query nor the 
documents to retrieve have a numerically encoded geographical reference, 
which could be precisely mapped on digital map directly. In Google Map’s 
search, most the information of business sites is collected manually, and hence 
they have precise numerical coordinates to represent their geographical location 
on Map. The spatial term of a user’s query (in most case, it will be a street 
address) could also be converted into a fix area on a digital map with the help of 
geocoding. But concerning the modern GIR systems, it is another story. In most 
case, it has to deal with qualitative geographical information rather than 
quantitative data. How to find a digital map of proper scale of details with the 
estimated user’s query and retrieval results mapped on it, will be the key task for 
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modern GIR systems. Such representation should be coincided with the 
cognitive world of ordinary users.  
According to the author’s opinion, a proper GUI for modern GIR systems might 
look like the following figure (Fig. 3.24). In this digital map powered user 
interface, brief text citation as well a rough location on digital map will be 
prepared for presentation for each retrieved document. The documents are sorted 
in a descending order by their score of relevance to the user’s query. Estimated 
geometric measurement should also be presented according to different spatial 
relations used together with the named places. For example, while searching for 
“restaurant within Harvard University”, people might be also interested in the 
estimated distance of these retrieved restaurants to the centroid of Harvard 
University. For instance, the retrieved documents could be listed together with 
their estimated distances from the centroid of queried location, providing a more 
straightforward view of the geographical relevance between documents and 
query. 

 
Figure 3.24 Proposed user interface for modern GIR systems 

(2) A useful tool to aid users to better figure out their queries 
On the other hand, a well-designed user interface of GIR could also aid users to 
figure out their queries. Like the GeoVIBE (Cai et al., 2002) system (Fig. 3.25), 
the geographical scope of documents are visualized within a map GUI to help 
the users to change some parameters according to their interpretation of the 
maps for documents’ distribution in geographical space. Similar techniques are 
also applied in the field of Spatial Data Infrastructure (SDI) to build up a better 
search interface by incorporating the presentation of thumbnail map with the 
metadata information (Aditya and Kraak, 2007).  
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Figure 3.25 GeoVIBE -A new user interface for browsing geographical information in digital 

library 

Basically it is a good way to improve the user experience while using the GIR 
system.  The digital map powered user interface could help users to specify the 
geographical range of their interests more easily. Furthermore, a preview of 
preliminary results could inspire users to choose a better or more proper 
geographical range and thematic terms in their query. It is because users will 
never know what they really want until they are provided with something related, 
no matter good or bad.   
Another aspect of user interface design is automation of query parameters. For 
example, people are often interested in something of their locality or previous 
place he or she has searched for. Such information could be derived from the IP 
address of user’s computer, which submits the query. Previous places or 
addresses could be saved as cookies in the user’s computer and restore before 
the next query. The spatial qualifier is always preset to “near” since it is the 
most frequent one that people use in their spatial query. In short, automation of 
query parameters will save much of users’ time and then greatly improve the 
user experience while using the GIR system. From the users’ point of view, it 
makes the GIR systems to be somehow more intelligent than before.  

 
Figure 3.26 Timesaving automation of query parameters 
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The weights of thematic and geographical relevancy could also be set through 
the user interface. Based on the optimized weights the GIR system provides 
from the previous training set, user could choose the put more weight on the 
thematic component or the geographical component. It could be helpful if the 
user has a special information search need. The proposed new GUI for modern 
GIR systems is illustrated in Fig. 3.26. 

3.3.6 A new system architecture 
As stated in the very beginning of this chapter, a new architecture needs to be 
developed to integrate these key techniques that a modern GIR system requires. 
The new architecture should also enable the modern GIR system to evolve by 
self-learning from users’ feedback. By tracking down users’ behaviors, 
necessary information of users’ judgment of relevance could be captured and 
then used to improve the system performance gradually. All of these aspects 
require support from the architecture level.   
The new system architecture for modern GIR systems will be discussed further 
in the next section (Section 3.4).  

3.4 The proposed new framework for modern GIR systems 
As shown in the above figure (Fig. 3.27), the proposed framework for a GIR 
system consists of three main modules: (1) the user interface module, (2) the 
information extractor, storage and indexer module and (3) the query processing 
and information retrieval module. The internal structure and further explanation 
of these three modules will be provided in the following parts. 
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Figure 3.27 The proposed framework of modern GIR systems 

3.4.1 The user interface module 
The user interface module will take charge of the interaction between users and 
the GIR system. It provides access points for users to specify and submit their 
spatial query, and then presents the result to users after that. As described in 
previous section (Section 3.3), a new user interface will be needed for the 
success of modern GIR system. Beyond the interaction for query collection and 
result presentation, there is one other important component inside the user 
interface module. It is the feedback tracker, which will anonymously and 
silently collect information about users’ behavior while using the GIR system. 
Users’ judgment of documents’ relevance could then be derived from their 
behavior, and finally is used to adjust the information retrieval component. Such 
a GIR system with self-learning capability will become more and more 
advanced in retrieval accuracy after running for enough long time.  

3.4.2 The information extractor, storage and indexer module 
This module will deal with the information extraction, storage and indexing 
tasks, including that of both geographical and thematic information.  There are 
two parsers/indexers, two data storage, one internal supporting data source and 
two external reference data sources.  

a. Two Parsers/Indexers: the GeoParser will aim to extract geographical 
information from text documents, and then store them in the internal 
SDB. A spatial index will be built by the SDB to enable fast spatial 
query processing. On the other hand, the fulltext indexer will extract and 
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index thematic information using inverted files. These two 
parsers/indexers will refer to the two external data sources: the 
Gazetteers (e.g. TGN, GeoNames, etc.) and thesaurus (e.g. WordNet, 
etc.).  

b. Two internal data storage: the SDB for storing the geographical 
footprints within text documents, and the inverted files for thematic 
information.  

c. One internal supporting data source: the digital map database, which will 
be used to create the background topographic map in the user interface. 
Then the chosen documents could then be plotted on this map according 
to their geographical footprints.  

d. Two external reference data sources: during the process of information 
extraction, these two reference data sources, the Gazetteer and Thesaurus, 
will play an important role to match the toponyms and terms within text 
documents. The gazetteer also provides georeference to named places 
appearing in the documents.   

3.4.3 The query processing and information retrieval module 
The users’ queries will be processed in this query processing and information 
retrieval module. There will be four components that make up this module. 

a. Query preprocessing component: the initial user’s query will be encoded 
in a certain query language and can’t be used directly in the query 
processing and information retrieval process. Inside this component, the 
related geographical and thematic information will be extracted from 
user’s query. With the help of gazetteer or geocoding techniques, a 
proper geographical range will be found for the extracted geographical 
reference. After that, the extracted information will then be delivered 
into the next step (query processing component). 

b. Query processing component: in this component, the user’s query will be 
translated into the internal form, which could be processed directly by 
the information retrieval model. According to some heuristic rules and 
empirical study from training set, the proper query expansion could be 
made to the original query. By applying a proper query expansion, the 
GIR system could be able to retrieve documents according what the 
users really need, but not what he or she types in. The query expansion 
will also reduce the risk of losing some candidate documents from final 
result set. 

c. Information retrieval component: this component will retrieve relevant 
documents from the document library, according to the similarity 
between them and the user’s query. The query will be split into two parts: 
the thematic part and geographical part. In the thematic part, 
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conventional IR retrieval will be applied, while in the geographical part, 
the spatial query will be submitted and processed in the SDB. Then the 
two result sets will be merged to produce the final result set. The final 
result set of relevant documents will be sent to the ranking and sorting 
component before they are presented to the users.  

d. Relevance ranking and sorting component: relevance ranking of 
candidate documents will be carried out according their geographical and 
thematic closeness to the user’s query. Certain ranking algorithm will be 
applied, such as the probabilistic approach, the geometric average 
approach, the weighted linear combination approach, etc. Before 
presenting the final results to end users, the documents will be sorted in a 
descending order according to their score of similarity. The most 
relevant document will receive the highest score and hence be presented 
on top of the result list.  

3.5 Implemented parts within the proposed framework 
Within the proposed framework for a modern GIR, some parts have been 
basically implemented and assembled in the prototype GIR system called 
SASEIC (Spatial-Aware Search Engine in Cradle). Parts that have been 
basically implemented include the Fulltext Indexer module, GeoParser module, 
Information Retrieval module, Query Preprocessing and Processing module, 
Relevance Ranking module and the UI module. The author’s work within this 
licentiate thesis has been integrated in modules of Fulltext Indexer, Information 
Retrieval and Relevance Ranking. Regarding the user interface module, Google 
Maps API is applied to show the retrieved documents on map according to their 
geo-footprints.  

3.6 Conclusion and future work 
In this chapter, a new architecture of modern GIR system was proposed together 
with related key techniques to those problems the GIR community is facing 
nowadays. It is believed that the discussion and proposal presented in this paper 
could benefit the task of establishing a better GIR. More practical works will be 
done in the coming chapters of this thesis. Improvement could be made to the 
proposed solution from the empirical study of practices. 
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4 NEW INFORMATION RETRIEVAL MODEL AND ALGORITHM 
FOR MODERN GIR SYSTEMS 

 

4.1 Introduction, purpose and structure of this chapter 
Most information in the world is linked to a certain place on the earth surface to 
some degree. Such information is always called geographical information. 
Geographical information exists in multiple forms such as cartographical maps, 
images, and texts (Cai, 2002b). With the development of 3S (RS, GPS, GIS) 
techniques, more and more geographical information are collected and stored for 
various kinds of applications. The WWW also hold vast amounts of information, 
most of which always has one or more geographical footprint (Fu et al., 2005). 
Effective retrieval systems for geographical information are currently studied by 
both geo-spatial information scientists and library information scientists (Cai, 
2002b).  
By adopting the terminology of the SPIRIT project (Spatially-Aware 
Information Retrieval on the Internet), a typical geographically oriented search 
might look like the following formula:  

, ,< >what rel where  

which expresses the user's information search need for finding documents with 
the theme what  which has a spatial relationship rel  with the place or position 
indicated by where  (Jones et al., 2002). A simple example of such spatial query 
might look like: "hotel near KTH", which means to find all the information 
about hotels which are near KTH.  
Although modern web search engine, such as Google and Yahoo, have been 
widely used as the main tool for people to find information over the network or 
within organization (library, company, etc), conventional keyword-based search 
engines could not answer such spatial query well because they trust spatial terms 
involved in a query in the same way as other terms thus cannot ensure good 
search results due to the lack of spatial awareness (Fu et al., 2005).  
GIR (Geographical Information Retrieval) is the new promising theory and 
techniques to solve such problems. Recently, the fresh work of Semantic Web 
and Ontology have also been introduced into GIR theory to eliminate the 
vagueness and mismatch caused by different terminology used by information 
provider and the user making the spatial query. Answer a spatial query of the 
form , ,< >what rel where  in GIR system is based the estimation of similarity 
between the query and candidate documents from both the thematic aspect and 
the geographical aspect. The geographical information adhered to a document is 
always called geo-footprint. In most cases, the single-geofootprint model or 
overall-geofootprint model is applied in existing GIR systems. The single-
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geofootprint model takes only one single place (e.g. the most important or 
frequent one) as the geographical boundary of a given document, while the 
overall-geofootprint model produces an overall geographical boundary based on 
the aggregation of boundaries of all places appeared in the given document. 
The usage of the single-geofootprint model in existing GIR systems will cause 
many problems like overestimation or underestimation of the geographical 
scopes for documents to search. As result of underestimation, not all documents 
related to the query could be returned. For example, a web page describing 
supermarkets in Solna and Kista area of Stockholm might not be recognized as 
irrelevant documents to query like “supermarket in Solna”, since the GIR system 
using single-geofootprint model might take Kista as the geographical scope of 
this document. In the case of overestimation, all the related documents could be 
returned to the user but they might not be sorted in a correct order according to 
their adjacency to the query. It is very common that a web document contains a 
couple of named places that have relationship of “contains” or “a part of” with 
each other, for example the address of Beijing University “No.5 of YiHeYuan 
Road, HaiDian District, Beijing 100871, China”. It is very possible that the 
overall geographical footprint model will take the China as the geographical 
scope for this web document, because it is the aggregated boundary for all 
named places in this document. Under such circumstance, the homepage of 
Beijing University might not appear in the first page of results for query of 
“universities in HaiDian” although it is fully relevant both geographically and 
thematically. Hence, it could be concluded that neither the single-geofootprint 
model nor the overall-geofootprint model is appropriate for modern GIR system 
although they are simple, fast and widely adopted today. People want a more 
accurate and complete answer to their queries with thematic and geographical 
requirements from the modern GIR systems. 
In order to improve the quality of answers given to a spatial query, the multiple-
geofootprint model should be adopted, since the single-geofootprint or overall-
geofootprint model might not be appropriate in this case. But now the key task 
for modern GIR using this model is how it could pick up the most relevant one 
out of various geographical footprints within a given document. Given a 
paragraph of text, the modern GIR systems need to know what and where this 
text is mainly talking about. Thus in this paper, a new model will be proposed in 
this paper to study the geographical information attached to each document. 
Besides, the corresponding algorithm based on network graph, which is inspired 
by the Google PageRank and Bayesian network theory, is also invented to 
estimate the geographical similarity (or degree of relevance) between document 
d  and query q , based on this new model. We believe that the new model and 
algorithm proposed here could better answer the spatial query of users submitted 
to a GIR system. Because it not only consider the geometric adjacency of 
document and query, but also take into account the importance of each places 
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towards the hosting documents. By using the new model, the geographical scope 
of document could be better studied, and thus improve the quality of answers 
from GIR system concerning the spatial query.  
Besides the measurement of geographical relevance Re Gl , the combination of 
the two relevance score in geographical aspect and the thematic aspect is all of 
great importance for the success of modern GIR systems. Similarly, the thematic 
relevance score is always denoted as Re Tl . There have been various kinds of 
combination of Re Gl  and Re Tl  to generate to final score of relevance for the GIR 
system to make a decision, as well as for the process of result sorting according 
to the relevance score. According to the Yu and Cai (2007), the similarity 
ranking should take into account the specificity of user’s information search 
need. It is because combination of the two relevance scores might be different 
among different users’ queries. The specificity of users’ queries is related to the 
concreteness of keywords users use to specify their information search needs, 
and the locality of reference places users adopt to claim the location of interest. 
As proposed in this paper, the combination of geographical and thematic 
relevance scores will be achieved using a logistic regression of four factors: 
Re Gl , Re Tl , the concreteness of keyword (or called the thematic specificity) 
indicating the objects to find (denoted as TSpec ), and the locality of place (or 
called the geographical specificity) on earth as geographical reference ( GSpec ) 
telling the region that interests GIR users. Based on the users’ feedback and 
surveys among system’s potential users, the logistic regression based 
combination of relevance scores is believed to be better than simple approaches.  
Hence, this chapter is divided into five sections. The first section will give a 
general introduction to the purpose of this paper. The problem of interest, as 
well as the basic idea of the author to solve this problem, will be described in 
this section. The second section is about the principle and theoretical analysis of 
the new model proposed in this paper to better estimate the geographical 
similarity between the documents and query in a GIR system. Several new 
concepts, such as geographical evidences, network of geographical evidences, 
etc., will be introduced in this section to help explain the principle of this new 
model. After that, the algorithm to calculate the geographical similarity using 
the proposed model will be given in Section 3 step by step. Section 4 will 
present the proposed approach to combine geographical and thematic relevance 
scores, based on a logistic regression of selected factors. A small demo system is 
developed and introduced in the last section (Section 4.5). Based on the results 
of evaluation, some conclusion will be drawn about this new model and 
proposed algorithms. Improvements and future work will also be provided in 
this section. 
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4.2 Principal, theoretical analysis and concepts 

4.2.1 Principle and theoretical analysis 
From the empirical study of human language, it is safe to make the assumption 
that a single document might contain more than one place names or other 
landmarks referring to a geographical location on earth’s surface. Usually these 
place names or landmarks contained in a single document are related to each 
other through a certain kind of spatial relationship (nearby/far, outside/inside, to 
the north/south/east/west of, etc.). The most common spatial relationships are 
metrical relationship, directional relationship and topological relationship. 
According to Egenhofer and Mark’s principle of the Naïve Geography 
(Egenhofer and Mark, 1995), the topological relationship is the dominant one 
that people use the most frequently to make a spatial decision. Metric measure 
then could be used to refine this decision making process after topological 
relationship. Burns and Egenhofer also provide a network graph to represent the 
degree of cognitive closeness between objects connected by various topological 
relationships (Fig. 4.1). 

 
Figure 4.1 The closeness network of topological relationships (source: Bruns & Egenhofer, 

1996) 

In Fig. 4.1, one could find that from the cognitive point of view, the Equal 
relationship is the closest topological relationship, while the Disjoint describes 
two objects are most distant comparing to other topological relationships. The 
distance between relationships denotes the difference how people normally 
consider the closeness between connected geometric objects by the mentioned 
relationship in the cognitive way. For example, the distance from relationship 
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Touch to relationship Equal is 2, and the distance between Contains and Equal 
is one. It means that two objects connected by the relationship Touch are more 
different (or less similar/relevant) from each other than the relationship Contains. 
This strength of linkage or distance caused by different spatial relationships 
could provide as the base for the study of co-occurrence model of all 
geographical footprints contained in a document. 
These spatial relationships are different in the cognitive distance between 
objects connected via them. It is also coincident with the human’s intuition that 
if a place name A  shows up most frequently in the document, it is very possible 
that the focusing place of this document should be A . While considering the 
focusing place of A , there could also be some other places, which have a close 
spatial relationship to the focusing place A . Hence, it could be concluded from 
the human’s spatial cognition and intuition that: 
(1) More than one named place is allowed to appear in a single document. For 

instance, a web page talking about restaurants in Stockholm might include 
named places like Solna, Kista, and Bergshamra which are places inside the 
Stockholm city, the capital of Sweden. It is certainly possible for a 
document to contain nothing related to a geographical location; hence such 
documents are called aspatial documents. 

(2) The most frequent named place in the document is most likely to be the 
focal place that this document is mainly talking about. For example, among 
web pages talking about universities in Sweden, one could find that in one 
page the named place “Stockholm” appears the most frequently. Hence, he 
could easily make a conclusion that this page is mainly about the 
universities in the city of Stockholm, Sweden. In order to differ different 
occurrence for a given place, the weighted linear combination (WLC) 
approach could be applied, because an occurrence appearing in the title 
should certainly weight more than the same place showing up in the body. 
It will be quite useful to estimate the frequency of geographical places 
within a HTML document. The occurrence in the metadata part of a HTML 
document should also have a higher weight than the one in body text. 
Taking the following figure (Fig 4.2) for example, there are three named 
places ( A , B  and C ) within this document. The place A  shows up three 
times in document d, the first one in the metadata part, the second one in 
the title and the last one in the body. Let the weights for occurrence of 
place names in different region of document be 2.0 in metadata region, 3.0 
for the title region and 1.0 for body, the weighted frequency for place A  
could be computed as ( ) 2.0*1 3.0*1 1.0*1 6.0= + + =freq A . The same 
algorithm could be applied to B  and C , and their weighted frequencies will 
be ( ) 2.0=freq B  and ( ) 3.0=freq C  respectively. The frequencies could later 
be used to be base of initial distribution of geographical importance. 
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Figure 4.2 Places contained in a given document d 

(3) Beyond the focal named place, there might be other places in the same 
document. A network of these named places could be established upon this 
document. In this network, the nodes denote the various places and they are 
connected to each other by some kind of spatial relationship (actually the 
strongest spatial relationship according to graph Fig. 4.1) between them. 
There is an example of such a network graph in Fig. 4.3. As shown in the 
following figure, there are seven named places (“Sweden”, “Stockholm 
Province”, “Goteberg”, “Stockholm City”, “Solna”, “KTH” and 
“Kungshamra”) in this document and the frequency of each place is listed 
in the bracket. These places refer to different locations on earth’s surface, 
and between each pair of these places, the strongest relationships are used 
to connect them.  

 
Figure 4.3 The network of geographical evidences within a document 
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(4) The occurrences of places connected to place A  could be considered as 
evidences to reinforce or decrease the probability that this document is 
talking about something that happened in A . The reason why such 
assumption could be made is because usually during text composing people 
tend to put close or highly related places in the same document. Sometimes 
we might have the same names for different places, such as the city of 
London in UK and Canada. If there are some named places referring some 
other places in Canada, we can be much more sure that this London is the 
one in Ontario of Canada. So the co-occurrence model of all the 
geographical references with a document is worthy of further studying. It 
could help not only the disambiguation of some vague names of places, but 
also the computation of probability for each geographical reference to be 
discussed within the document.  
Here, the geographical importance ( ( , )GI A d ) of place A  versus a given 
document d  denotes the amount of effort this document d  is spending on 
talking about something located in place A . In other words, the 
geographical importance value of place A  versus document 

 

d could also be 
viewed as the probability of occurrence of place A  in document d . The 
more important the place A  is for the document d , the more probable that 
the document d  is talking about place A  and hence A  should receive 
higher score of relevance during the process of similarity ranking. For 
example, suppose that there are two documents 1d  and 2d  talking about 
“Pizza Store” in place A , but comparing to the document 2d , 1d  spends 
more efforts in discussing the “Pizza Store” in place 

 

A  (might be 2d  is also 
talking about “Pizza Store” in some other places). In this case, the 
document 1d  should be considered as more relevant than the 2d  when given 
the query like “Pizza Store near Place A”, because document 1d  will be 
potentially more useful for the GIR users than 2d .  

(5) How the occurrence of place A  influences the probability of occurrence or 
importance of another place B  in the same document depends on the 
strength of spatial relationship connecting these two places. The impact 
strength could be derived with the help of domain ontology of geographical 
information and spatial cognition. For example, suppose in a web page 
introducing best places of China for foreign tourists, there is a named place 
“GuLou”. In fact there are four Chinese places respectively in cities of 
NanJing, FuZhou, XuZhou and KaiFeng with the same name “GuLou”, and 
hence we don’t know which this named place really refers to. If there is 
another named place nearby called “FuZhou” which has a district inside it 
called “GuLou”, we can be quite sure that this “GuLou” is the one inside 
the city of Fuzhou. If there is another named place in the same web page 
called “ShangHai” which is close to the city of NanJing, we can infer from 
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the occurrence of “ShangHai” that this “GuLou” might be the on in 
“NanJing”, but we are not so sure as before (the occurrence of “FuZhou”). 

(6) Ontology could be applied here to eliminate the problem of ambiguity 
caused by different terminologies used by different documents. The same 
place on earth might appear in different form in a single document, such as 
place name, street address, digital geographical boundary, zip code, etc. If 
all this information points to the same place, from the ontological point of 
view, we should recognize these locations as one single place with a higher 
frequency of occurrence. 

(7) If all the places within a document are identical to each other from the 
ontological view, which means they refer to the same place A  on earth’s 
surface, the importance of this place against this document should be one 
(or 100%), which means this document is thoroughly and merely talking 
about something that happened in place A .  

(8) If a given named place B  never shows up in the document and there are 
also no places in this document having a strong spatial relationship with B , 
the importance of this place against this document is set to be zero (or 0%). 
It means this document isn’t talking about something that happened around 
this given place B  at all.  

(9) Based on the network (see Fig. 4.3 for an example) of places within a 
single document, the score ranging from 0 to 1 could be calculated to 
estimate the geographical importance of all the places existing in a given 
document about how much degree this document is talking about 
something that happened in each appeared place.  

(10) If a single geographical scope needs to be extracted, the most important one 
or the interpolated one could be proposed as the result. In case the 
interpolated approach is used, it could also be a weighted average location 
by the importance of each referencing place. 

(11) Given a user query, the geographical adjacency is about the degree of 
matching between the geographical scope of the query and the document.  

(12) Given the place A  embedded within the user query, the geographical 
importance of a document for the user search need is the importance of 
place 

 

A  against the documents to retrieve. 
(13) The final score of geographical similarity incorporating importance and 

adjacency could be produced by multiplying the degree of adjacency with 
the value of importance. 

Based on the above principles and analyses, we can better derive the 
geographical similarity between user’s query and documents to match. Then this 
geographical similarity (denoted as Re ( , )Gl q d ) could be combined with the 
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similarity from the thematic scope (denoted as Re ( , )Tl q d ) to generate an overall 
similarity score between a document and a user’s query. This overall similarity 
score could then be used to order the documents, which are considered by GIR 
systems to contain relevant information for the user information search need. 
The most relevant document will show up on the top and less relevant 
documents follow. 

4.2.2 Important concepts of the proposed new model 
The basic idea of this new model is the concept of multiple geographical 
evidences instead of a single geographical footprint. Each distinct place (either 
named place or places in other forms, such as the address text, telephone 
numbers, etc.) in the document serves as evidence to help determining which 
place this document is most possible to talk about or mainly talking about. The 
single geographical scope model is not applicable here. A score of geographical 
importance or probability from the places towards the document could be 
calculated to evaluate how spatially important places are towards documents. On 
the other hand, when considering about the geographical similarity, we also 
need to measure the geometric adjacency from the places of a document to the 
geographical scope of a query. A compound score of importance (denoted by 
Re ( , )Gl q d ) from these two aspects could be prompted to be the final 
geographical similarity between query and document. 
The geometric adjacency ( , )GA q d  could be estimated by those approaches that 
have been applied in the single geographical footprint model of existing GIR 
systems. For examples, the ratio of intersection and the Hausdorff distance 
(Greg, 2003) approaches are the applicable ones.  
The geographical importance ( , )GI q d  of places towards their hosting 
documents represents the probability of the fact that the hosting documents are 
really talking about something that happened around them. Such importance has 
a great concern with the frequency of a certain place showing up in its hosting 
document, as well the context where each show-up takes place. The presence at 
the title place and emphasized region should weight more than that in the body 
text of articles. From the other hand, the occurrence of other spatially related 
geographical entities could also provide good evidences to study how much 
degree a single place is related to the document.  
As inspired by the Google PageRank algorithm (Larry et al., 1998) and the 
Bayesian Network theory, a network of geographical evidences connected by 
spatial relationships will be established first.  
As shown in the graph Fig. 4.3, we can investigate the relationships and inter-
impact of geographical evidences within a single document. Such a network 
model will be of great help to estimate the degree of importance geographical 
evidence is towards the geographical topic of the hosting document.  
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When building up the network of geographical evidences for a selected 
document, many kinds of spatial relationship might be taken into account to 
connect nodes in the network. Usually, while estimating the importance towards 
the geographical topic of document, each kind of spatial relationship provides a 
different strength of impact from one geographical evidence upon the other 
connected ones. Not all the relationships between two nodes will be showed up 
in the network graph. The spatial relationship will be examined and given a 
strength value of impact. Only the strongest spatial relationship will show up as 
link between two evidences in the graph. Not all connection between any two 
nodes will be drawn, but only those among siblings and between parent and 
child will be taken into account with the help of domain ontology as well as 
gazetteer/thesaurus. 
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Figure 4.4 Impact strength of different spatial relationships 

The strength of impact of spatial relationships (as demonstrated in Fig. 4.4) 
connecting two geographical evidences is not easy to determine. Nevertheless, 
there are already some good attempts to examine the connectivity strength of 
spatial relationships in the viewpoint of spatial cognition. An adjacency model 
of topological relationships has been given by Bruns and Egenhofer (Bruns and 
Egenhofer, 1996) to investigate the cognitive closeness between two geo-entities 
connected by different kinds of topological relationships. Another way to 
generate the strength of impact for each kind of spatial relationship could be 
achieved by carrying out a survey among potential users of the GIR system to 
see how they think about such impacts.  
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By studying the inter-impact as well as the frequency and context information 
using the algorithm proposed in this paper, the importance for each place within 
a document could be worked out with an acceptable quality. 

4.3 Spatial belief network: mathematical model and 
algorithm 

4.3.1 Spatial belief network (SBN) 
From the above analysis, it could be learned that actually a spatial belief 
network (or a bi-directional graph) could be built inside each documents with 
the geographical locations a document contains, as well as the spatial 
relationships among different geographical locations.  
The reason why the network illustrated in Figure 4.3 is named a spatial belief 
network, because this network could help us to find out which place within a 
given document is most likely being discussed by this document. Each node in 
this spatial belief network is serving as a evidence for this question, and the 
(spatial) connection between evidences provide further hints for making 
necessary interferences such that this question could be better answered. If a 
user query q  is looking for information about the most likely discussed place p  
of document d , then this document d  should deserve more attention from user 
than it should gain while q  is looking for something happened in a less likely 
mentioned place 'p . So from the viewpoint of probability theory, the places 
with higher probabilities being discussed within a document are more important 
for this document than those with lower probabilities, while answering a GIR 
query. To improve the quality of a GIR service system, such probabilities or 
degree of belief is definitely necessary to be figured out clearly as measurement 
or scale values using a quantitative approach.  
From another aspect, the degree of importance of a place p  against a document 
d  could be modeled by the share of document content, which is devoted in 
talking about the place p . Such information of content shares could be modeled 
by the frequency of each place in the document, as illustrated in last section of 
this article. More frequently mentioned places are of course more important than 
those less frequently mentioned places. According to the discussion before, the 
frequency here refers to the weighted appearances of each place by the location 
within document of each occurrence. In most cases, mere frequencies 
information is not enough, because a user looking for bookstore in Stockholm 
city will absolutely accept a bookstore in Kista region as a qualified query result. 
Basically, such approximation when preparing and examining the results for a 
user query is very common in modern IR systems. For example, modern IR 
systems will return the documents contained similar spelling as the user’s input, 
or the synonyms and parasynonyms of input keyword. The returned documents 
could also be ordered according to their difference of meaning from the exact 
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user’s input. Different from IR, the GIR will need to make a spatial 
approximation between the queried place and the places occurred in a document, 
to see whether this document is qualified to become an answer to user’s GIR 
query. 
According to the above discussion, we can abstract the above spatial belief 
network as the figure Fig. 4.5. Using either the notion of probability theory or 
the degree of belief in fuzzy logic, the whole spatial belief network could be 
represented as a collection of initial probabilities (or degree of belief) for all the 
places appeared in the document, and a matrix of conditional probabilities (or 
confidence of belief inference) between the pairs of places. The connection 
between any two nodes in the following network represents the spatial 
relationship between them, which will influences the value of conditional 
probabilities or the confidences of belief inference. 

 
Figure 4.5 Abstract spatial belief network and its interpretation while processing a query 

It is worth being pointed out that the connection between nodes in the spatial 
belief network is directional. For instance, a GIR could certainly accept a 
document, which is talking about bookstore in Kista, as a qualified result for the 
query “bookstores in Stockholm”. But inversely, a user looking for bookstores 
in Kista area will never be fully satisfied with a document talking about 
bookstores in Stockholm.  
Basically, we can use the following two matrixes to describe such a spatial 
belief network for later computation. Suppose the number of places involved in 
this document is N ，the first matrix is called initial matrix (Equation 4.1), 
which is a 1× N  matrix and each element of this matrix denotes the initial degree 
of importance (analog to probability of occurrence or degree of belief) which 
could be derived by the weighted frequency of each place.  
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The second matrix is called the transition matrix (Equation 4.2) or inference 
matrix, which serves as the guideline during the process of making spatial 
inference among various places. 
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For the convenience of later computation, the initial matrix could also be 
denoted as the result of zero iteration. Hence, the initial matrix could then be 
rewritten as the following Equation 4.3. 

5
(0) 0 0 0 0 0 0 0 0

1 2 1 2 3 4 5_
=

= = = ⇒      

N

NInitial Matrix IM S s s s s s s s s             (4.3) 

Now the problem is, given the initial matrix and transition matrix of document 

 

d , 
how could we better answer user’s GIR queries by estimating the geographical 
relevance between the query q  and the document d . All the relevant documents 
should be sorted according to their degree of geographical importance (GI) and 
geographical adjacency (GA) towards the provoked query. The geographical 
adjacency could be evaluated from the distance between geometries or the 
intersection area of two geometries. The geographical importance needs to be 
derived from this spatial belief network. 

4.3.2 Mathematical model of spatial belief network 
Considering the abstract model of spatial belief network, initial matrix and 
transition matrix, some famous mathematical models could be recalled, for 
instance the Markov Chain system, and Bayesian Network model, as references 
to build a proper model used to solve the problem in this article.  
In mathematics, a Markov Chain is a stochastic process with Markov property. 
In this process with Markov property, the outcome of a given experiment can 
affect outcome of the next experiment. Markov chain could be used to model the 
probability distribution of a system switching through a chain of different states. 
It is made of a collection of states 1 2 3{ , , ,..., }= NS s s s s , and the transition 
probabilities ijp  which tells the conditional probability for the system to switch 
to state js  given the is  as the current system. The system could also return to the 
same state is  in the next step with a probability of iip . From the viewpoint of 
graph theory, the Markov Chain is essentially a directed graph because ≠ij jip p  
is always true within such a system. If it is impossible to switch from state is  to 
state js , the transition probability ijp  is set to be 0. If the system keeps in a 
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certain state is  after entering it and never leave it, then such state is called a 
absorbing of Markov chain system, and the transition probability iip  is set to be 
1. 

 
Figure 4.6 Drunkard’s walk: an example of Markov Chain with absorbing states 

As a result, all the transition probabilities between states could be denoted as the 
following matrix (Equation 4.4), which is called the transition matrix of a 
Markov Chain system. 
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N  denotes the number of states in a given Markov Chain system. All the 
elements in each row of such a transition matrix will sum to be 1, which means 
the next step of a Markov Chain system will remain inside the collection of all 
possible states S . 
It could be proved that, given the initial distribution of starting states as the 
follow matrix (called initial matrix), the probability distribution of a Markov 
Chain system among various states after n  steps, could be evaluated by the 
following equation (Equation 4.5).   

( ) = ⋅n nS u P                                                 (4.5) 
In this equation, 

 

u  is a (

 

N -dimensional) vector representing initial probability 
distribution for the system to start from each state as shown in Equation 4.6. 
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Using Markov Chain approach, it is very easy to model a system whose states 
are within a finite collection, and they are changing with time. One could easily 
calculate the probability for the system to evolve through a certain sequence of 
states 

1 2
{ ... }= → → →

tk k kT s s s  as the following equation (Equation 4.7).  
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From the ( )nS  in Equation 4.5, one could also have the probability distribution 
among states that the system might stay in, given the initial probability 
distribution as 

 

u. For some special types of Markov Chain, such as the Ergodic 
Markov Chain and Regular Markov Chain, 

 

P(n)  will converge to a fixed matrix 
(see Equation 4.8) with

 

n going infinite. As a result, such Markov Chain could 
be used to simulate a long sequence of state changes for a system, and make 
long run prediction for the probability distribution of the simulated system. 

lim
→∞

=n

n
P w                                                    (4.8) 

Hence, Markov chain and its variants have been applied in the weather forecast 
area, and natural language processing area (such as Hidden Markov Chain and 
Maximum Entropy Markov Chain used in speech/language tagging). 

⋅P(A,B) P(B | A) P(A)P(A| B)= =
P(B) P(B)                                       

(4.9) 

Markov Chain assumes that the probability of a certain state or event will only 
be affected by the fix number of previous states happened just before current 
stage, while simulating them in a sequence of states. Actually, in most case, a 
real system cannot be as simple as being able to be simulated in a 
sequence/chain of states. The inter-connection between nodes of the directed 
graph of Markov Chain could be much more complicated than a simple 
sequence, because the causal relation between events/states of a real application 
is intricate.  
As shown in Equation 4.9, the Bayes’ theorem tells the relationship between 
conditional probabilities, probabilities and inversed conditional probabilities. In 
the Equation 4.9, ( | )P B A  denotes the conditional probability of event B under 
the condition that event A happens; ( | )P A B  is the inversed conditional 
probability of ( | )P B A ; ( )P A  and ( )P B  represent the independent probabilities of 
event A and B. Given any three of the four variables in Equation 4.9, the fourth 
one could easily be figured out. The Bayesian Network, which is based on the 
Bayes' theorem, has the potential to model the complicate causal relationships 
and inter-impact among events/states of a system. The conditional probabilities 
of ( | )P B A  and ( | )P A B  could be viewed as measurements of inter-impacts 
between events. For instance, given the causal relationship between symptoms 
and diseases (mainly in the form of conditional probabilities), the Bayesian 
Network could help to compute the probability of presence of certain disease, 
given a collection of symptoms (initial probabilities distribution). But such a 
probabilistic process cannot be fixed inside a Markov Chain, which emphasizes 
sequential changes of system states or events.  
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Figure 4.7 Example of Bayesian Network – Cardiovascular Disease and Causes 

Hence, a Bayesian Network could be considered as an extended Markov Chain 
model. It is a probabilistic graphical model, which represents a collection of 
variables and their probabilistic independencies. In most cases, the Bayesian 
Network could be visualized as a directed acyclic graph, of which nodes denote 
the variables and arcs denotes the conditional independencies among variables. 
The nodes could be random variables (served as evidences) or hypotheses. The 
inference or prediction with the Bayesian Network is based on the Bayes’ 
theorem, and could be used to model a sequence of variables or solve decision 
problems, and such Bayesian Network is also called Dynamic Bayesian 
Network. Generalizations of Bayesian Networks that can represent and solve 
decision problems under uncertainty are called influence diagrams. The 
independencies between different evidences or between evidences and 
hypotheses could be quantified as degree of belief, so that Bayesian Network is 
also called Belief Network.   

1
1

( , , ) ( | ( ))
=

= ∏

n

n i i
i

P X X P X parents X
                                  

(4.10) 

Comparing to Markov Chain, the Bayesian Network is more flexible without the 
limitation of a sequence of state changes, and thus could be used to model the 
exact independencies among evidences and hypotheses. Similarly, both Markov 
Chain and Bayesian Network model need training (or called parameter learning) 
to figure out the independencies (or called conditional probabilities / degree of 
beliefs), as well as the initial probabilities distribution. But training a Bayesian 
Network requires much more efforts, which has been proved to be NP-complete 
problem theoretically. But in some certain cases, this process of model training 
could be simplified and implemented in computer systems. 
Bayesian Network has been applied in many fields, such as image processing, 
text processing, decision support and so on. In the NLP field, Bayesian Network 
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could be applied to find parasynonyms and other related words (such as having 
similar spelling) of a certain given word.  
Inspired by the Markov Chain and Bayesian Network, the spatial belief network 
mentioned before could then be established based on the similar inference rules 
(Bayes’ Theorem) and infrastructure (initial matrix and transition matrix). 
Considering that each node in the spatial network is a hypothesis and at the same 
time evidence to other hypothesis, the degree of belief for each hypothesis (node) 
could be accumulated by summing up the initial degree of belief and 
contribution from its evidences. The contribution from a hypothesis’s evidences 
will be determined by both the connection strength in between and the degree of 
belief of evidences themselves. Similar to the computation of posterior 
probabilities in Markov Chain and Bayesian Network, one could use the 
following matrix calculation to computer the new degree of belief for each 
hypothesis, after accumulating its initial degree of belief with its evidences’ 
contribution for the first run. 
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According to the analysis on such a spatial belief network in previous sections, it 
is found that the diagonal elements in the transition matrix is always 1, because 
the accumulation of belief will fully take over the value from last run. So the 
above equation could be changed to the following one, after n accumulation. 
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It could be noted that accumulation using the above equation will result in two 
problems. The first one is that after each accumulation, the sum of belief degree 
for all hypotheses will bigger than one. The other problem is that this sequence 
of ( )nS  will never converge because it is going positively bigger and bigger. In 
order to avoid these two problems, one normalization factor could be introduced, 
which will be the sum of un-normalized belief degrees, after each run. This 
process could be illustrated as the following equation. 
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Here the ( )nS  could be used as a measurement of the geographical importance 
for each place within a given document.  

4.3.3 The proposed new model 
The geographical similarity between document 

 

d  and query 

 

q  could be 
calculated using the following equation (Equation 4.14).  

1
Re ( , ) ( ( ( , ), ( )))

=
=

N

G G gi gii
l q d Maximum f GA q d GI d                                  (4.14) 

where:  f  = the combination function of geometric adjacency and geographical 
importance;  

             N  = the number of non-duplicated places within the document d ;  

             gid  = the i-th place of document d .  

Possible combination functions could be the functions of addition or 
multiplication, as shown in the following equation (Equation 4.14). 

( ( , ), ( )) ( , ) ( )= ⋅G gi gi G gi gif GA q d GI d GA q d GI d                                   (4.15) 

Given the similarity from both the geographical and thematic scope, a 
compound score of relevance could be derived by combining these two 
similarity values. One of most popular ways is the weighted linear combination 
as illustrated the following equation (Equation 4.16). 

Re ( , ) Re ( , ) Re ( , )ω ω= ⋅ + ⋅T T G Gl q d l q d l q d                                    (4.16)  

where: Re ( , )l q d  = the overall similarity measurement between the document d  
and spatial query q ; 

             ωT  = the weight of similarity measurement from the thematic scope; 

            Re ( , )Tl q d  = the similarity in the thematic scope; 

             ωG  = the weight of similarity measurement from the geographical scope; 

             Re ( , )Gl q d  = the similarity in the geographical scope; 

4.3.4 Methodology and algorithm 
The main work of the new model proposed in this paper against the existing 
ones is introducing the concept of multiple geographical evidences within a 
document and considering the geographical importance of each place to the 
hosting document when calculating the geographical similarity between the 
user’s query and documents to retrieve. The algorithm to estimate the 
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geographical importance of places towards their hosting document could be 
expressed in the following steps. 
Step 1: Extraction of geographical evidences and Building up the network 
After the lexical analysis and work splitting process of documents, extract the 
place names and address text as geographical evidences with the help of domain 
ontology of geographical information and gazetteer/thesaurus. The network 
could then be built up using the geographical evidences as nodes and the spatial 
relationships within as links. In this paper, the spatial relationships used to build 
this network are deduced based on the geographical location of each named 
place. 
Step 2: Initial distribution of importance based on the frequency weighted 
by context 
Setting the maximum of importance value as 

 

M , the initial importance 

 

GIi
0  of 

geographical evidence 

 

gi  could be derived using the following formula 
(Equation 4.17): 
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where: 0
iGI  = the initial importance for the geographical evidence ig ;  

           ( )freq m , ( )freq i  = frequency of the given geographical evidence;  

           N = the total number of (distinct) places within the documents;  
           ,ωm n  = the weight for the m-th geographical evidence at the n-th 
occurrence. This weight is determined by the context where this place shows up. 
Step 3: Iterative procedure based on network structure 
Given on the initial importance, an iterative procedure is carried based until it 
runs enough rounds or meets a stop indicator. For each round before it stops, the 
procedure could be divided into 3 steps. 

Step 3.1: Basing on the network structure, incorporate the impacts of 
neighbors with their importance values from last step. The most direct and 
simplest approach is shown in the following section, which achieves its 
goal by summing up the weighted impact of neighbors together with the 
original impact.  Given a geographical evidence ig  to evaluate the 
importance, suppose { | 0 1}= ≤ ≤ −i i iS R i N  as the set of all the directly 
connected geographical evidences in the network; iN  is the number of 
referencing geographical evidences spatially connected to ig . Then the 
incorporated importance of ig  after this round could be estimated using 
the following formula (Equation 4.18): 
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where: j  = the round number;  

          n j
iGI  = the j-th importance value of 

 

gi  before normalization;  

         1−j
iGI  = the importance value of 

 

gi  from last round; 

         1−
m

j
RGI  = the last importance value of reference object 

 

Rm;  

          , mi RI  = the impact factor between 

 

gi  and 

 

Rm  caused by the spatial 
relationship between them. 

Step 3.2: All n j
iGI  will be normalized and resize to be within the range of 

[0 ]M  before going to the next round using the Equation 4.19. 
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Step 3.3: Update the network status and repeat the Step 3.1 and Step 3.2 
until enough rounds have been run or the system meets the threshold to 
stop. 

After these processes, all the places contained in a document will gain an index 
of iGI  geographical importance towards their hosting document. Such 
geographical importance values will range from 0  to M . 

 
1 1

( ) ( ) 0
= =

= =
N N

i ii i
Maximum GI M and Minimum GI                          (4.20) 

4.3.5 Some special cases of the proposed model 
But there is some other special cases that deserve further discussion, while 
talking about the geographical importance of place 

 

A  versus document 

 

d .  
(1) The first special case is about whether the computation of geographical 

importance should be made independently without considering the thematic 
topic of a given query.  
To be simplified for explanation, suppose there are two documents 1d  and 

2d , both of which talk about “Pizza Store near A ” the same times. Then if 
document 1d  contains one sentence about the “Flower Store near A ”, then 
the problem is how could we rank these two documents given the query 
“Pizza Store near A ”. According to the previous discussion, document 1d  is 
more geographically important for place A  than 2d , because the frequency 
of A  in 1d  is one more than that of it in 2d . But the increase comes from 
absolutely irrelevant thematic topic versus the given query. This problem 
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will grow much more notable when there are no statement like “Pizza Store 
near A ” in document 3d , but many statements of “Flow Store near A ” and 
one statement of “Pizza Store near B ”. In this extreme case, 3d  will gain a 
high score of geographical relevance given a query like “Pizza Store near A” 
and low score in the thematic part. Actually, this document 3d  is obviously 
useless for the query users and should be ranked as less relevant. Hence, this 
problem explained here calls for a proper combination of geographical and 
thematic relevance scores. That is when either of the two relevance scores is 
low, the result of combination should be low as well. 
This same problem could grow much more complicated when document 4d  
talks about “Pizza Store near B ” 15 times and “Flower Store near A ” the 
same times. Because, this document 4d  will gain high scores in both the 
geographical and thematic part, given the query “Pizza Store near A ”, but 
obviously it won’t be of help for users who is searching for information 
about Pizza Store near A . This problem exists for all GIR systems which 
stores the geographical information of documents separately from the 
thematic topics they are talking about. This problem could only be solved if 
we could treat the thematic topic and geographical location as one single 
statement and process queries based on the combination of them. 

(2) The spatial belief network could be simplified into tree model rather than a 
network model. 
By analyzing the co-occurrence patterns of geographic names within 
documents, it could be concluded that the part-of relationship is the most 
common one. For example, documents containing place name like “Solna” 
always contains the names of places in upper levels of Solna within an 
administrative hierarchy. As part-of relationship is a strong one among the 
various spatial relationships between places, the structure of spatial belief 
network among places occurred within a document could then be simplified 
into a tree model in most case. When some certain types of spatial 
relationship are less important and could be ignored in some case, spatial 
belief network can also become as simple as a spatial belief tree. Comparing 
to the network structure, computation upon a tree with the same number of 
nodes costs less. 

4.4 Combination of geographical and thematic relevance 
scores 
In Equation 4.3 of this chapter, a simple weighted linear combination of Re Gl  
and Re Tl  is presented, where ωT  and ωG  are the two weights indicated the 
relative importance of geographical and thematic aspects of users’ queries. 
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Generally speaking, all the combination functions could be illustrated as the 
following equation (Equation 4.21). 

Re ( , ) (Re ( , ),Re ( , ))= G Tl q d f l q d l q d                                        (4.21) 

Some other combination functions could be the arithmetic average (Equation 
4.20), the geometric average (Equation 4.21), the simple sum (Equation 4.22) 
function, the multiply function (Equation 4.23) and so on. 

Re ( , ) Re ( , )Re ( , )
2
+

= G Tl q d l q dl q d                                          (4.20) 

Re ( , ) Re ( , ) Re ( , )= ⋅G Tl q d l q d l q d                                          (4.21) 

Re ( , ) Re ( , ) Re ( , )= +G Tl q d l q d l q d                                          (4.22) 

Re ( , ) Re ( , )*Re ( , )= G Tl q d l q d l q d                                          (4.23) 

As analyzed in previous section (Section 4.1), a proper combination should 
consider the thematic and geographical special of users’ information search need, 
which is represented as keywords, spatial qualifiers and geographical reference 
places in the users’ queries. None of above listed combination approaches 
(Equation 4.20, 4.21, 4.22, & 4.23) could achieve this goal. Thus, a new 
approach is proposed here, based on the logistic regression of selected important 
factors.  

4.4.1 Factors affecting the process of combination 
As analyzed in the above paragraph, the most important thing remaining here for 
the regression of the final similarity ranking is the choice of all predicator 
variables. Obviously, the geographical relevance score Re Gl  and thematic 
relevance score Re Tl  should certainly be admitted in the list of such risk factors. 
It has also been explained that the specificity of users’ query, in both the 
geographical aspect and the thematic aspect, will inevitably affect the process of 
combination of Re Gl  and Re Tl . Concerning this problem, some meaningful work 
has been done. For instance, Yu and Cai (Yu et al 2007) developed an approach 
to dynamically determine these two weights by analyzing the specificity of 
user’s query. Although based on the same specificity of users’ queries, a 
different approach is to be proposed in this paper. In order to explain the 
specificity of users’ queries, the thematic and geographical specificity will be 
introduced respectively as in the following paragraphs. 
(a) Factor A: Thematic Specificity of Query   
The thematic specificity of a query could be calculated from the terms used in 
user’s query. Suppose all the terms within a given query q  could be denoted as 

1 2{ , ,..., }= nT t t t . Then the thematic specificity of this given query q  could be 



97 

derived from the weighted combination of all the terms it contains, as illustrated 
in the following Equation 4.24 (Yu et al., 2007).   

1
*ω

=
= ∑

i

n

T i t
i

Spec spec                                                  (4.24) 

where the weights of each term in this combination are denoted as ωi . Then the 
problem of calculating thematic specificity of query will be converted to that of 
figuring out the specificity of each term it . There are two kinds of thematic 
specificities of a given term could be taken into account, and they are the 
collection-based specificity and ontology-based specificity. The collection-based 
specificity refers to the rareness of a given term it  in the collection of documents 
to retrieve. Such kind of thematic specificity of term it  could be computed using 
the following equation (Equation 4.25).  
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N
spec

N
                                                 (4.25) 

where the 
it

N refers to the number of documents containing term it , and the N  is 
the number of all document in the collection. Actually, the formula to compute 
collection-based specificity is also called the inverted document frequency (IDF). 
The fewer documents in the document library contain the term it , the more 
specified it  is within the collection. But this approach will be insufficient when 
the size of collection is relatively small or the documents within the collection 
have a biased distribution (Yu et al. 2007). Then ontology-based approach could 
be adopted to solve this problem, which computes the thematic specificity of the 
given term it  based on the conceptual information (e.g. number of senses, 
synonyms, number of children or the depth in the ontology structure) related to 
this term in an ontology structure (e.g. Thesaurus, WordNet). The more senses, 
synonyms and children a term has and the shallower the level it appears on, then 
the more general or vague the term is deemed to be (Zakos and Verma 2005). 
As proposed by Yu and Cai (2007), both specificities of a given term 

 

ti  should 
be combined to generate the final thematic specificity, and the process of 
combination is illustrated as the Equation 4.26. 
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where ( )iCBW t  is the ontology-based specificity (or called content-based 
weighting, CBW) of term it  computed using the Zakos and Verma’s algorithm. 

To better explain computation of thematic specificities of query, a small 
example will be set up to compute value of TSpec  for a query with only one term 
“Audi A6”.  Suppose in the collection of 10000 documents, there are estimated 
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50 documents containing the term “Audi A6”. Then the collection-based 
specificity of this query, which is equal to that of term “Audi A6”, could be 
calculated as the Equation 4.17. 

50 1 2.92
10000

+
= − ≈TSpec lo                                             (4.27) 

Take the ontology illustrated in Fig. 4.8 as the basis to compute the ontology-
based specificity of query. Using the Zakos and Verma’s algorithm, the 
ontology based approach will compute the specificity of query in the following 
way (Equation 4.28). The maximum depth of this ontology structure is 4, and 
maximum number of children is 4, the maximum number of synonyms is 3, and 
number of sense is always 1. Concerning the term “Audi A6” has 1 sense, 3 
synonyms, 0 children and lives in the level 4 of the ontology in figure Fig. 4.8. 
Suppose the MAX function is used to fuse the four conceptual information of a 
given term in this ontology, and all the weights for each kind of conceptual 
information will be equal to 1.0.  
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Figure 4.8 the ontology used for computation of specificity of term “Audi A6” 

How the thematic specificity of query could influence the combination of two 
kinds of relevance score lies in the fact that, the more thematically specified 
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terms are used in the user’s query, the larger weight should be assigned to the 
thematic relevance score. This rule is quite natural according to human’s 
common sense when submitting a query to GIR. When a person wants to 
express his need of looking for something, he will be more rigorous or more 
satisfied if the specified objects of his interest are located in the higher order of 
result list.  For example, a query looking for “Pizza Restaurant” will have less 
attention of users on the thematic objects, because there could be many kinds of 
“Pizza Restaurant”, such as “Pizza Hut”, “Mr. Pizza” and so on. But the users 
are believed to be happier if they find the documents containing information 
about “Pizza Hut” are in the top of result lists, when they are looking for “Pizza 
Hut”, a more specified pizza restaurant rather than the general term of “Pizza 
Restaurant”. 
(2) Factor B: Geographical Specificity of Query   
Similarly thinking, the geographical specificity, or in other words called the 
geographical locality, could also be found and computed from users’ query. The 
geographical specificity or locality tells the relative size of region of interest 
specified in the users’ queries.  Actually, the geographical specificity value 
denotes the amount of attention the users want the GIR to pay on the 
geographical part of their queries. 
As it is similar to the computation of thematic specificity values, the 
geographical specificity could also be calculated using two kinds of approaches. 
One is the collection-based approach, and the other one geography domain 
ontology-based method.  
As the name of collection-based approach infers, the geographical specificity 
value in this case will be calculated as the relative size of region of interest 
comparing to the whole geographical boundary of document collection. The 
following Equation 4.29 could be adopted to carry out such as computation, 
given the fact there is always one geographical reference in users’ queries (Yu et 
al., 2007). As you might find from this formula, it is nearly the same as the IDF 
that has been adopted in the computation of thematic specificity.  

( )= − q
G

D

Area
Spec

Area
lo                                                  (4.29) 

In Equation 4.19, qArea  refers to the area of geographical reference used in the 
user’s query q , and DArea  is the area of the overall geographical boundary of 
document collection D  to retrieve. But same limitation of small-size document 
collection and skewed document distribution in the geographical space might 
also affect the sufficiency of this geographical specificity value.  
As inspired by the ontology-based approach proposed by Zakos and Verma in 
their algorithm to compute content-based weighting of terms, the corresponding 
ontology of domain geography could be introduced into the computation of 
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geographical specificity. There has been plenty of work in the domain ontology 
of geography, and many geographical thesauruses or geographical ontologies are 
available for use in the computation of geographical specificity. Since the 
geographical reference in user’s query is always given in the form of named 
place, the following conceptual information of this place name could be 
interpreted from the geographical ontology that is used.  

 
Figure 4.9 The geographical ontology used for computation of specificity of named place 

“KTH” 

(1) The level of a given named place in the geographical ontology structure: 
obviously, the deeper level a named place has in such as structure, the more 
specified it is from the sense of geographical information. For example, the 
named place “KTH” has a depth level of 6 in the ontology illustrated in figure 
Fig. 4.9, while the “Sweden” will only has a depth level of 3.  
(2) The number of duplicated places in the same name: if there are several 
places using the same name, the specificity of this name will be relatively lower 
than the other place names. For example, the “Stockholm” could refer to two 
different items in the ontology structure of Fig. 4.9, and hence the query 
containing this place name with duplicated geographical references will deserve 
less geographical specificity.  
(3) The number of siblings of a given named place in the structure of 
geographical ontology: generally speaking, the siblings of a given named place 
tells the number of other places that are located in the same level of 
geographical specificity in the geographical ontology structure. In other words, 
these places might have the potential to be alternative of the given place. So it 
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should be safe to predict that the more siblings a given named place has, the less 
geographical specificity it will have. 
(4) The number of children of a given named place: actually, the concept of 
geographical specificity of named places is quite close to the concept of locality 
in the semantic level. A relatively more local place with small area is believed to 
have fewer children in a geographical ontology structure. The children here 
denote to sub-level places under this given named place. For example, in Fig. 
4.9, the named place “Stockholm” will less specificity because it has more than 
several children, while the named place “Football Stadium” is more specific 
because it has no children under it.  
Similar algorithm from Zakos and Verma could be adopted here to compute 
geographical specificity of a given named place, based on the above conceptual 
information listed. Suppose the ontology-based geographical specificity of a 
given named place is denoted as oSpec , and then the two kinds of geographical 
specificity value could be combined in the following way (Equation 4.30).  

( ) ( )= − ⋅q
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Spec Spec q

Area
lo                                       (4.30) 

The way that geographical specificity influences the combination of relevance 
scores could be explained as the consideration that the more geographically 
specific the query is, the more attention is required by the users to be paid on the 
geographical part of the query, says the Re ( , )Gl q d . For instance, when the end 
user submits a query to look for something in a relative small place, it is safe to 
guess that the user should care more about the geographical aspect of the 
information search need, if a general thematic term is specified in the same 
query. From another aspect, when providing a general geographical reference in 
their query, it could be inferred that the users are to some degree fuzzier about 
their location of interest, for example, for a query like “Mr. Pizza Inside 
Stockholm”, the users might even also be satisfied with the results containing 
information “Mr. Pizza” in the countryside or even some places outside of but 
close to Stockholm, because the central part here of the user information search 
need is the specific thematic term “Mr. Pizza”. In other case like “Restaurant 
Near KTH”, such query is mainly focus on the geographical part than the 
thematic part. And in such queries, the emphasized part is the location and any 
restaurants will be accepted, but it should be really near KTH. A Café (a little 
far to the term “Restaurant” in the semantic level) Shop (like Seven-Eleven) 
near KTH could be more interesting to the users than an “Italian Restaurant” but 
located in the central of the city. 
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4.4.2 Properties of the scores and requirements of a proper 
combination function 
The two relevance scores Re Gl  and Re Tl  are always supposed to be within the 
range from 0 to 1, while the relevance values close to 0 or equal to 0 means such 
documents are irrelevant or less relevant, and those documents whose scores are 
closed to 1 are more relevant.  
For the thematic relevance score Re Tl , it might be easy to accept for common 
users that a document is either relevant ( Re 1=Tl ) or irrelevant ( Re 0=Tl ). And it 
is true within the conventional IR systems using the Boolean Logic based IR 
Model. However, due to the improper keywords (e.g. spelling errors, special 
forms of noun, etc.) in the users’ queries, the exact matching is not tolerant to 
errors of users’ input, hence can’t provide efficient results in response. In fact, 
nowadays, the Vector Space IR Model and Probabilistic IR Model are more 
popular since they have proved to be more efficient and applicable to deal with 
various kinds of users’ information search need. Extract matching has been 
replaced by matching based on computation of continuous relevance scores. 
Various query expansion techniques, based on stemming of keywords and even 
ontology of domain, enables the IR systems to find relevant documents, which 
are missed by the exact matching. Another reason for a continuous thematic 
relevance score instead of a crisp one is that multiple keywords are allowed to 
use in users’ queries. When more than one keyword is specified, the documents 
containing some of the keywords might also be viewed as potentially relevant 
and should be entered into the result list. But their relevant scores will be 
smaller than those documents matching all keywords. 
The reason why geographical relevance score Re Gl  remains as continuous is 
more natural and straightforward. It is because the geographical footprints with 
documents are always encoded as rectangles or convex hulls, which will cover a 
certain continuous area of space on earth’s surface. Then when computing the 
relevance of a geographical footprint against the reference geometry, the results 
will certainly be continuous too. For example, when the users query for 
something inside a given boundary of geographical space, the documents whose 
boundaries are intersecting the given boundary are always included as well as 
partially matched results. The size of intersection area will affect the final 
relevance score for each document, and then such score will be a continuous 
value. Even though the geographical footprints are encoded as points and in case 
of point queries (e.g. “NN-Nearest Neighbors”), the results of relevance score 
could also be continuous instead of discrete, because the distances between 
points are usually adopted to be the indicator of closeness/adjacency.  
As we have stated in the above text, it is true and good to have relevance scores 
encoded in continuous numbers. Consequently, the final relevance score should 
also be continuous after combination. As it has been widely accepted, the 
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combination process is normally denoted as a function (as illustrated in Equation 
4.21) of the affected factors or variables. In addition to the two relevance scores, 
some other factors, such as the specificities of keywords and geographical 
references in users’ queries, could also affect the result of combination. So a 
new formula of combination will be proposed as Equation 4.31. 

Re ( , ) (Re ( , ), ( ),Re ( , ), ( ))= G G T Tl q d f l q d Spec q l q d Spec q                     (4.31) 

Concerning the combination function 

 

f  in Equation 4.31, the following 
requirements it should meet could be concluded as follow, based on the common 
way of document relevance interpretation of end users.  
(1) The combination function f  should be able to produce continuous positive 
relevance scores with finite range, given the four continuous independent 
variables within the range from 0 to 1. This requirement is quite natural for the 
sake of document retrieving and ordering by their associated relevance score.  
(2) The result of function f  should have a positive relationship with two of the 
input variables: the thematic relevance score Re Tl  and the geographical 
relevance score Re Gl , since it has been widely accepted that documents which 
are more relevant, either geographically or thematically will be finally regarded 
to be more relevant.  
(3) Edge effect for a proper function f  should be met. When both of the two 
relevance scores are 1.0, the result of combination function 

 

f  should be 1.0, no 
matter what the other two factors ( GSpec  and TSpec ) are. Because in such case, 
the users will certainly interpret such documents as fully relevant to their queries. 
In the contrary case, if either of the two relevance scores is regarded as totally 
irrelevant (the score will be 0), then 

 

f  should produce a result of 0 consequently. 
This requirement is quite similar to the Boolean Logic IR model, and the two 
components, the thematic and geographical relevance scores, are combined with 
a logic operator of AND. In other cases, the simple Boolean Logic is extended to 
adapt the continuous inputs. Similar techniques have been applied in the fuzzy 
logic and the combination functions under consideration here are quite close to 
the membership functions applied in fuzzy logic theory. 
(4) The effect of the two relevance scores upon the combination function f  
should be influenced by their corresponding specificities. According to the 
discussion in previous paragraphs, the more specific thematic keywords or 
geographical region of interest will put relatively more weight on thematic or 
geographical relevance score respectively. For example, given the same three 
other factors except the thematic specificity TSpec , the function f  should 
generate higher relevance score for the inputs of higher thematic specificity 
value of TSpec . The same rule is also applicable for the geographical counterpart. 
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(5) The specificity, either TSpec  or GSpec , will only influence the power of its 
corresponding relevance score upon the combination function f . But their 
influence is limited to a certain degree. To be more specified, the value of TSpec  
could never reduce the contribution of Re Tl  to zero, or enlarge Re Tl ’s 
contribution over that of fully relevant. The same story will happen between 

GSpec  and Re Gl . So suppose the values of TSpec  and GSpec  are computed and 
normalized within the range of 0 and 1, the influence of specificity upon its 
corresponding relevance score could be figured out in the following formula 
(taking the thematic part for the instance). This transformation will limit the 
influence of specificities to a certain range. 
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4.4.3 The logistic regression and the proposed approach for 
combination 
As one class of the generalized linear regression, the logistic regression has been 
applied in various application fields, including the medical science, 
bioinformatics, social sciences, marketing and so on. In statistic, based on 
several independent variables, logistic regression is a model used for the 
prediction of probability of occurrence of an event. The variables mentioned 
here, which are also called predictors, could be numerical or categories.  
Based on the logistic function of Equation 4.32, a probability value ranging from 
0 to 1 could be produced for any input of z  from negative infinity to positive 
infinity. Actually, in the logistics regression, the variable z  represents the effect 
of some risk factors, which could affect the probability of an event; at the 
meanwhile, the ( )f z  produces the probability of a particular outcome, given 
certain predicators.  

1( )
1 −=

+ zf z
e

                                                   (4.33) 

In the above Equation 4.33, the variable z  includes the effect of all predicator 
variables or risk factors, and it is also known as the logit. Generally the variable 
z  is always defined as: 

0 1 1 2 2 ...β β β β= + + + + n nz X X X                                         (4.34) 

In this equation (Equation 4.34), ( 1... )=iX i n  depicts n  independent risk factors 
or predicators, and ( 1... )β =i i n  is the regression “coefficient” of iX  respectively. 
The 0β , also called the “intercept”, is the value of 

 

z when all the risk factors are 
0. Each regression “coefficient” represents the amount of contribution of each 
risk factor towards the final outcome of predicted probability of an event. The 
risk factors with positive coefficients will increase the probability of prediction, 



105 

while the negative ones will reduce the probability. The magnitude (absolute) of 
regression coefficients will have special meanings. The larger coefficients 
denote the corresponding predicators will have large impact on the final 
outcome of probability, and the smaller ones will have less influence. To be 
convenient for the explanation of carrying out a logistic regression, the Equation 
4.33 could be transformed into the following form (Equation 4.35) by 
computing the log-odds of ( )f z  (or the probability value p ). 

0 1 1 2 2
1( ) log( ) ...

1 1
β β β β−= = ⇒ = = + + + +

+ − n nz

pp f z z X X X
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              (4.35)  

A set of training data composed of predicator variables iX  and corresponding 
probabilities of outcome could be used to fit this logistic regression and hence 
figure out the coefficients 

 

βi  as well as the intercept 

 

β0. Then these coefficients 
could be used to predict probability of particular outcome, which is determined 
by a new set of 

 

Xi . 
The logistic regression has been used widely as an effective method for 
modeling probability estimates of relevance in text-based IR systems (Robertson 
and Bovey 1982, Cooper et al. 1992, Gey 1994, Larson 2003, Frontiera et al. 
2008). In the context of GIR, the logistic regression approach has also already 
been applied successfully to estimate the geographical relevance, which could 
be affected by factors such as the area of intersection, the ratio of intersection 
area against area of document and queries, and so on (Larson and Frontiera, 
2004, Frontiera et al. 2008).  
In this paper, the linear form of logistic model (Equation 4.35) will be adopted 
here to combine the geographical and thematic relevance score to form the final 
similarity ranking, or probability of relevance (denoted as P ). Now the next 
problem is to find out all the significant risk factors or predicator variables for 
the logistic regression of final similarity ranking P , which is ranging from 0 to 1. 

4.4.4 Predicators and the logistic regression model 
As the required by the logistic regression, all the predicators should be 
independent variables from each other and affect the probability of final 
outcome directly. Among the four factors proposed in the previous sections, it is 
found that they could be categorized into two independent groups. 
(1) The thematic relevance score Re ( , )Tl q d  and thematic specificity TSpec  

The reason to put these two factors in one group is because the thematic 
specificity will not influence the probability of final outcome, or similarity 
ranking directly. Actually the thematic specificity TSpec  will first influence the 
effect of thematic relevance score Re ( , )Tl q d  upon the final outcome. So it could 
be concluded that a combined independent predicator could be issued from the 
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thematic aspect. The following approach might be appropriate here (Equation 
4.36).  

n 1Re ( , ) Re ( , )
1 ln( )
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                       (4.36) 

(2) The geographical relevance score Re ( , )Gl q d  and geographical specificity 
GSpec  

Similarly, the geographical specificity GSpec  won’t cast a direct influence on the 
probability or ranking of final outcome as well. So a combined predicator from 
geographical aspect could then be figured out in a similar way (Equation 4.37). 
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It has been widely accepted that 

 

XT  and 

 

XG  are regarded as independent variables, 
which respectively represents the influence from two dimensions (the 
geographical and thematic dimension) which are perpendicular to each other. 
Consequently, the regression based on logistic model to combine the 
geographical and thematic efforts on the final similarity ranking could be 
addressed as the following formula (Equation 4.38). 

0 1 2 0 1 2( )
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where 

 

P  is the probability of relevancy, or the similarity ranking, which is 
ranging from 0 to 1. Values of 

 

P  that equal to or are closed to 0 have less degree 
of relevance and need to be presented on the bottom of the result list, while 
those that equal to 1 or are close to 1 have large degree of relevance and should 
be presented on top of the result list. 
Because in most cases, it is difficult to provide the exact numerical value of each 
variables listed in Equation 4.34, and only the categorized or classified levels of 
variables magnitude could be available. Thanks to the flexibility of logistic 
regression model, the ordinal variables could also be applied in the regression 
process. 
Examining the proposed logistic regression model of relevance score 
combination, one could find that this model meets all the requirements except 
for edge effects. Since the predicted values of logistic regression for all possible 
inputs will within the range of (0,1) . Hence, in order to meet the requirement of 
edge effect, the model could be modified to be the following piecewise 
functions (Equation 4.39). 
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4.4.5 Source data to train the logistic regression 
After figuring the out formula of a logistic regression, the next step of 
importance is the preparation of training dataset to fit the logistic model and 
calculate the coefficients for future prediction. Normally, two approaches could 
be adopted here for the preparation of needed data.  
One approach is collecting the feedback of users anonymously from the users’ 
behavior when using the GIR system. It has been accepted that the users will 
spend more time on the relevant document than the irrelevant one, before 
clicking on the next item in the result list. The time here could be adopted as the 
measurement final relevance, no matter in numerical form or categorized form. 
Of course, more complicated models could be established to study to behaviors 
of GIR users, in order to figure out the performance of system in the aspect of 
correctness. 
Another approach is based on a couple of questionnaires which are done by the 
potential users manually. Some typical use cases could be set up for the potential 
users to make a decision on the degree of relevance when given different Re Gl , 
Re Tl , GSpec  and TSpec .  

The advantage of the first approach is that availability of large amount of 
training data, but the final relevance scores are not so reliable as the approach 
based on questionnaires. But the latter approach certainly has its own 
shortcoming that the result of logistic regression might be only fit for the 
specific groups represented by the people who answer the questionnaire. The 
reliability of provided answers will also be influenced by the preference, 
partiality, personality, and carefulness of surveyed potential users. The sampled 
should also be collected within a wide variety of people, including those of 
different ages, genders, and professions. In practice, these two approaches could 
be fused together to improve the sufficiency of the logistic regression. 

4.5 Evaluation 

4.5.1 Evaluation based on experiments for the estimation of 
geographical relevance 
In this paper, a small demo system was developed in order to evaluate how well 
the proposed model acts in answering the users’ query with geographical 
semantic. This experimental work will mainly care about the accuracy by 
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examining how retrieved documents meet the information search need of GIR 
system users. Given a spatial query submitted to the demo system, if all the 
geographically relevant documents are returned in the results and more relevant 
documents have a higher score of similarity, it could be concluded that the 
proposed model performs well in answering users’ questions from the viewpoint 
of geographical aspect. 
Due to limitation of sample dataset size, functionalities and purpose of this 
demo system, we will only take care of the geographical similarity between 
documents stored in library and the user’s query. Moreover, the real score of 
relevance will be judged by manually interpreting the content of documents to 
see how similar it is as the user’s query in the geographical aspect. 
The demo system in this paper is built based on the Apache Lucene (Lucene, 
2007), the most famous open-source search engine toolkit, and the JTS 
Topology Suite (JTS, 2007), which provides a Java implementation of the OGC 
specification of simple feature (OGC, 2006) and bundles of useful geometric 
algorithms.  
Regarding the sample documents used in this experiment, about 100 articles of 
US travel guides were randomly collected from the WorldWeb (WorldWeb, 
2007) website. These articles are mainly talking about some touring sites all 
through the United States. Besides, a small gazetteer was established from the 
boundaries and names of US states, counties and cities are extracted from the 
ESRI Data & Maps (ESRI, 2007) shipped together with ArcGIS software 
package. This small gazetteer was used to help extract places from the text of 
sample documents. 
The sample documents were first parsed and indexed by the Lucene toolkit. The 
JTS was then used to determine the spatial relationships between geo-entities. 
The geographical adjacency between geo-entities was measured as the ratio of 
intersection and was also computed using the JTS package.  
To submit a spatial query to this demo GIR system by specifying the topic and 
geographical location, such as “Pub in Washington”, the system will return a list 
of thematically relevant documents, which are ordered by the geographical 
similarity. Here the combination of thematic and geographical similarity is 
ignored because the combination of these two could be as complex as the whole 
content of this paper. The following image (Figure 4.10) is an example of a 
query and results returned. 
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Figure 4.10 Demo system: interface and results. 

By manually interpreting the text of each retrieved document, it could be found 
that the documents on top were always the most geographically relevant with the 
user’s query. 

4.5.2 Evaluation based on experiments for the combination of 
relevance scores 
To evaluate the performance of the proposed combination approach, an 
experiment was carried out based manual interpretation through questionnaires. 
In the first stage of this experiment, about 20 people, from different background 
and both Chinese and English, have participated in this questionnaire. This 
simple questionnaire is composed of two parts. 
The first part is about whether the specificities of thematic topics and 
geographical region of interest have an influence on the process of relevance 
scores combination. Among all the participants, most of them agreed to show 
special attention to the specific keywords or local regions of interest. These 
participants believed that the more weighted should be given to the more 
specific terms and the more local regions. The result of this part is shown in the 
following figure (Figure 4.11), which is coincident to our previous discussion. 
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Figure 4.11 Result of evaluation study based on questionnaire survey 

The second part of this questionnaire survey is aimed to find out the numerical 
relationship between the predicators and the result of relevance score 
combination. The collected sampling data in this part will be used to train and fit 
the logistic regression model, which could then be used to combine the new 
pairs of relevance scores in the future. In this part of questionnaire survey, both 
specificities and relevance scores in each dimension are encoded into five levels, 
and questions are asked to the participants about their proposed final relevance 
levels by manual interpretation, given different combinations of spatial 
specificity, spatial relevance score, thematic specificity and thematic relevance 
score. About 60 samples were collected in this part. Among them, most samples 
(about 50 samples) were used to fit the logistic regression model and the 
remained ones (about 10 samples, or called the signature samples) are applied in 
the process to evaluate the accuracy of prediction of proposed model. Two kinds 
of evaluation study are made, one is based on the discrete levels, and another is 
based on the corresponding numerical values, which are ranging from 0 to 1 
continuously. The following four figures show results of the logistic regression.  

 
Figure 4.12 Plot of logistic regression results based on numerical values 
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Figure 4.13 Scatters of logistic regression results based on numerical values 

 
Figure 4.14 Plot of logistic regression results based on levels (discrete values) 

 
Figure 4.15 Scatters of logistic regression results based on levels (discrete values) 
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From the above four figures (Fig. 4.12, Fig. 4.13, Fig. 4.14, Fig. 4.15), one could 
find that the logistic regression could well fit the training data. To further study 
the exactness of regression, two numerical measurements could be computed as 
the accuracy assessment, one is the correctness of prediction and another is 
average residual error. The accuracy assessment is made based on the 
comparison of results of logistic prediction and the signature samples. In this 
experiment, the RMS error of the logistic regression is estimated as 0.19 and the 
accuracy of prediction based on discrete levels is about 0.67. The logistic 
regression for relevance score combination is fit to be the following formula. 
From the Equation 4.40, it could inferred that both TX  and GX  have a positive 
effect on the result of combination, since both of they have a positive coefficient 
of regression.  

T G(-3.38125+5.27431*X 7.04383*X )

1 1
1 1 − +−= =

+ +zP
e e

                             (4.40) 

Due to the limitation of small amount of samples, the logistic regression might 
be fit for a wide range of application scenarios.  But the advantages of proposed 
logistic regression over simple arithmetic or geometric approaches of 
combination could be foreseen from the result of evaluation result. 

4.6 Conclusion and future work 

4.6.1 Conclusion 
From the results of evaluation, it could be found that the model performs well at 
least in one case in measuring the geographical similarity between user’s query 
and documents to retrieve. Comparing to the single geographical footprint 
model or the overall geographical footprint model, the method proposed in this 
paper considers both the geographical adjacency and the geographical 
importance of a place on earth against its hosting document. Based on the 
concepts of multiplicity and network of geographical evidences, the model 
proposed in this paper is more natural and more accordant with the common 
sense of human cognition in the geographical domain. As a result, the compound 
score of geographical similarity could better represent the degree of relevance 
between the document d  and query q  in the geographical aspect. 

4.6.2 Future work 
Obviously, this model is not a perfect one. Although this paper provides an 
approach to calculate the geographical importance of a place against its hosting 
document, the combination of geographical importance and geographical 
adjacency to get the geographical similarity demands further study. In this paper, 
the simplest combination method of multiplication is adopted. The strength of 
impact of different spatial relationships also demands more attention. It makes 
the calculation of impact strength more difficult when the cognitive closeness 
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outweighs the Euclidian distance. What’s more, the success of this new model 
relies greatly on the correct extraction of geographical places from the text of 
documents. With the growing of number of geographical evidences within a 
single document, the network might be too complex that it takes a long time to 
calculate the geographical similarity for a given query. Bigger testing library of 
documents should be built to make a full evaluation of the real performance of 
this new model.  
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5 INDEXING FOR MODERN GIR SYSTEMS 
 

5.1 Introduction and overview 
The indexing mechanism acts as the cornerstone of modern information retrieval 
systems (Rijsbergen, 1979; Salton, 1983), because an efficient index enables us 
to quickly find exactly what we need from billions of documents in seconds. 
Inverted files, signature files and suffix arrays are the three most important and 
popular indices that are currently in use in modern information retrieval systems. 
However, the information retrieval model should always be taken into account 
when choosing a proper indexing mechanism for IR systems. Concerning 
Geographical Information Retrieval (GIR) Systems (Larson, 1995), efficient 
indices should be applied to both the keyword-based thematic information and 
the geographic footprint adhered to the same document. As a result, spatial 
indices should be introduced into modern IR systems to help finding the relevant 
documents that are thematically and geographically required quickly, for 
example, “Restaurant near KTH”.  
With the development of GIR systems, a lot of available indices have been 
invented to enable quick processing of GIR queries, which will involve search 
operations upon the geographical and thematic properties of documents. Zhou 
(2005) proposed a hybrid approach of inverted files and R-tree. Vaid (2005) 
presented the geographic and full-text indices in the famous GIR system - 
SPIRIT. Martins (2005) studied nearly all the important indexing and ranking 
approaches in IR systems and suggested a practical guide on how to build an 
efficient GIR system based on these approaches.   
Although there has already been plenty of research and development work on 
the indexing mechanisms for modern GIR systems, they still deserve more 
attention since the problem has not been well resolved. For the newly proposed 
multiple-geofootprint model in this thesis, the situation is rather different from 
the single-geofootprint model, which is widely applied in current GIR systems. 
In the single-geofootprint model, for each document in the library, there is only 
one geographical footprint adhered to it. The task of data indexing will be 
relatively easy to achieve, and many simple indexing mechanisms could be 
sufficient. For the single-geofootprint model, it should be more helpful if we 
could find a trade-off between the performance and overhead of implementation. 
Nevertheless, the same problem could grow much more complex with an 
increasing number (sometimes this number could be dozens) of geographical 
references in a single document. Therefore, it is necessary to study the 
difference between indexing mechanisms for both the single-geofootprint and 
multiple-geofootprint models.  
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In order to better illustrate the indexing techniques in modern GIR systems in 
this chapter, the dominant indexing technologies in conventional IR and spatial 
data management will first be introduced. Secondly, the common indexing 
mechanisms in GIR systems are first categorized into four classes, which will be 
the Pure Keyword Index (PKI), Keyword-Spatial Dual Index (KSDI), Spatial-
Keyword Hybrid Index (SKHI), and Keyword-Spatial Hybrid Index (KSHI). A 
preliminary theoretical analysis on the four typical indices for GIR will then be 
provided to examine the time complexity, storage overhead and implementation 
difficulty for each type of GIR indexing technology. Basic conclusions can then 
be drawn as to which one is more appropriate under a specific circumstance. 
Thirdly, detailed study and experiment work will be provided for the two geo-
footprint models, which are the single-geofootprint model and multiple-
geofootprint model. In conclusion, a hybrid indexing method based on Space 
Filling Curves (SFC) and the inverted index is proposed for those GIR systems 
using the single-geofootprint model. On the other hand, for the multiple-
geofootprint model, the Spatial-Keyword Dual Index is preferred. This is 
because the GIR systems of the multiple-geofootprint model need to deal with 
much more (about 10 times more) geographical information than the single-
geofootprint model. All these statements are made based on both the theoretical 
analysis and experiment results. Finally, the last section presents the general 
conclusions of the whole chapter and future work in the GIR indexing 
mechanisms.  

5.2 Indices in conventional IR and spatial data management 
In order to develop a proper indexing mechanism for modern GIR systems, the 
conventional IR and spatial indexing technologies are worth studying at the 
outset. In modern GIR systems, we not only need to index the searchable 
keywords that comprise the text documents, but also the 2D geographical 
information indicating the locations of named places or other geographical 
reference adhered to the text documents. In addition, the choice of a proper 
index also needs to consider the information retrieval model applied in the IR 
systems.  
Generally speaking, to look for the documents meeting users’ information 
search needs, the most straightforward and simplest way is a sequent scan. 
During this process, the documents in the library are examined one by one to see 
whether they satisfy the user’s need. The relevant documents will be added to 
the result list of the IR system. But this process will become extremely slow 
when the number of documents becomes billions. Without an efficient index, the 
performance of the retrieval process will be unacceptable, and thus decrease the 
usefulness of the IR system.  
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Figure 5.1 Index structure and its relation to the original data 

An index is an additional data structure beyond the data source (see Fig. 5.1), 
which is built based on the statistical analysis of original documents. The size of 
the index structure is usually much smaller than the original data source, and 
thus can be totally loaded into memory for a fast search as a filter. According to 
results from the filter operation using the index structure, another search of exact 
match on the original data could then be applied to find out the truly matched 
items. Such a filter-refinement approach with the help of index is much faster 
than directly extract match, because filter helps avoiding the obviously 
irrelevant documents in advanced to the refinement operation, which could be 
computationally complex to finish. Processing time is saved by using an extra 
space of data storage. Whether to apply an index depends on requirements of 
search performance, the size of the document library, the complexity of a single 
validation operation, and special limitation on storage and computational 
resources. For example, the nation-wide library system will definitely need a 
powerful indexing approach to speed up the document search, while a sequence 
scan will be fast enough for a small personal literature repository. Another 
example is the processing of spatial queries. Due to the complexity of spatial 
data structures and spatial operations, a single validation of spatial data requires 
much more computational resources than a simple numerical comparison. Hence, 
the processing of a spatial query will always rely on an efficient spatial index. In 
a mobile device, the memory and computational resources are always very 
limited, and a different trade-off between performance and implemental 
overhead from the personal computer (PC) or server is highly needed. 
In conventional IR systems, the problem of indexing has received much 
attention, and plenty of further research and developmental efforts have been 
carried out to try to solve this problem. Among the various kinds of keyword 
indexing technologies applied in conventional IR systems, the inverted file 
index, signature files and suffix arrays are the most important and popular. But 
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geographical information is not properly processed and indexed in conventional 
IR systems. In the field of spatial data management, the R-tree family (e.g. R-
Tree, Pack R-Tree, R*-Tree, etc.), quad-tree, grid file, and space filling curve 
(e.g. Z-Order curve, Hilbert curve, etc.) are the most important. In order to better 
illustrate the indexing mechanism in modern GIR systems, both the keyword 
indexing and spatial indexing technologies will be introduced and studied in this 
section. 

5.2.1 Keyword based indices in conventional IR systems 
The indexing technologies have gained great success in the area of database 
management system (DBMS), such as the B-Tree index. But the index an IR 
system needs is quite different from the one used in a DBMS. In the DBMS, the 
author could manually set up an index on the field that is going to be queried. 
While in conventional IR systems, any word in the text document might be 
queried in the user’s information search. Hence a keyword based fulltext index 
is actually needed in IR systems.  
Generally speaking, indexing and searching techniques in text information 
retrieval could be categorized into three classes, the lexicographical indices 
(indices that are sorted), clustered file structures, and indices based on hashing.  
 Lexicographical indices are built on certain document models, which 

consist of searchable items that could be indexed lexicographically. Such 
document models could be the document-keywords model, or the text-
sistring (semi-infinite string) model. Document-keywords model, which 
decomposes the whole textual documents into searchable keywords, could 
support sophisticated term weighting schemas. The most important 
representative of lexicographical indices using the document-keywords 
model is the inverted files structure. Text-sistring model views the text 
content of a document as a long string, and the semi-infinite string (called 
sistring in short) is defined as a substring of this long textual string. 
Sistring could start at any location within the long string and expands to 
an arbitrary length to the right. All the sistrings of a document are then 
indexed using some kinds of tree structures, for example the search trees 
(e.g. prefix-B tree), digital trees (e.g. Patricia trees, PAT) and so on.  

 Indices based signatures use hashing technology to create a generalized 
description of the original document, upon which a quick and qualitative 
test could be applied before exactly comparing the document with query 
terms. Obviously, signatures based indexing and searching approaches 
requires least storage overhead for the index data structures, but the 
selectivity of such approaches are inevitably low. It is because of 
information loss during the mapping from documents to corresponding 
signatures. Actually, the inverted files require the most storage overhead 
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and in return gain the greatest filtering ability. PAT trees find a good 
trade-off between the selectivity and storage overhead of index.  

 Cluster is an effective multivariate analyzing technique for group items 
into automatically generated plain or hierarchical categories. As a 
powerful statistical tool, cluster analysis is helpful to reveal the structures 
in large multivariate data sets by computing and comparing the strength of 
association between items in a given dataset. Due to the ability of cluster 
technique in grouping items into automatically generated classes, it is 
natural to believe that cluster analysis has potential to improve the 
efficiency and effectiveness for modern IR in information storage and 
retrieval. For instance, documents containing the items are always 
regarded as similar to each other and all of them could meet the same IR 
queries. Clustering these documents and saving documents within the 
same cluster in the adjacent location of storage spaces could improve the 
efficiency of information retrieval by reducing the time spent in retrieving 
documents from storage. Inversely, clustering terms basing on the 
documents they co-occur could help to construct a thesaurus for the 
enhancement of IR query processing. In addition, huge number of 
document-query comparison could be replaced by limited number of 
comparison between the centroid of clusters to the IR query. It is could 
improve the efficiency of query processing. However, cluster technique 
requires considerable resources, and therefore their application in IR field 
is limited, especially for IR with large datasets. There are also quite a lot 
of aspects remained unsolved for applying cluster technique in IR. 
Although there are quite a lot of tools and software packages available for 
cluster analysis, investigation is highly needed to find out the most 
suitable algorithm of cluster analysis for IR purpose. How to select the 
attributes of items to form the representative/centroid of clusters is also an 
open question. The validation of results retrieved by query processing 
based on clusters is always necessary, since in most case the grain of 
comparison on the cluster level is not fine enough. As a result, indices 
based on document clustering are not as popular as lexicographical and 
signature based approaches. (Rasmussen, 1992)  

In the coming part, the three most important keyword based fulltext indices to be 
introduced are suffix arrays, signature files and the inverted file index. Among 
these three approaches, the inverted file is the most widely applied index in 
modern IR systems (especially in commercial IR systems). Hence in the 
remaining part of this section, the inverted files index will be introduced first 
with more detail, followed by a brief introduction and discussion to the suffix 
arrays and signature files.  

• Inverted Files Structure (IFS) 



120 

The inverted files index is one of the universal linchpins of information retrieval 
and database systems. For conventional IR systems, the magic of IFS is the 
stored links from keywords to associated documents containing them. In order to 
find documents with a certain keyword, the search mechanism finds the 
keyword first and then accesses the document list from the keyword-document 
links. Generally speaking, the IFS will contain three components: the document, 
the dictionary and the most important inversion list, as illustrated in Fig. 3.16.  
To create the IFS, the first step is extracting the terms (also known as keywords) 
that should be used in the index and assigning each document a unique number 
(Berry and Browne, 2005). 
The second step is to extract the terms and create a searchable dictionary of 
terms. To enable more efficient searching, instead of whole words, the terms are 
always broken down to a letter-by-letter level and reorganized before adopting 
them as the searchable terms. Stemming of keywords will be extremely useful 
when there are misspelled words. Most often the terms will be ordered in 
alphabetical order to facilitate searching. There are also some other storage and 
timesaving measurements to organize the dictionary terms in a better way, such 
as the N-grams and PAT trees (Berry and Browne, 2005). Hence, the search 
upon the dictionary could be finished within the time (1)O  (when hashing 
technology is applied) or (log )O N  (when B-tree or dictionary order is applied to 
organized dictionary terms), where 

 

N  is the number of all terms in the dictionary.  
The last step of building the IFS is the creation of the inversion list (Berry and 
Browne, 2005). In the occurrence table, the pointer from a searchable term to an 
associated document could also be pointed to a particular section or a certain 
position in the document.  Obviously, the occurrence table will take up a large 
portion of storage space for the IFS, and the size of the occurrence table is in 
proportion to the number of documents in the library, says ( )O D .  

To search with the IFS, the whole process could be divided into three steps:  
1) search in the dictionary to get the searchable terms;  
2) search in the inversion list to find the associated occurrence table of 
documents containing the terms;  
3) perform a merge or intersection operation on the occurrence table to 
produce the final result.  

The first two steps could be quite fast with the help of a special data structure, 
such as B-Tree or dictionary order. The most time-consuming task is the third 
step of set operation.  

• Signature Files 
Signature files (Faloutsos and Christodoulakis, 1984; Faloutsos, 1992;) is 
another important indexing techniques applied in textual information retrieval. 
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Actually it applies a filter-refinement approach to help speed up the search to 
see whether a textual document contains a specified word. More exactly, the 
filter from signature files is always recognized as a quick-and-dirty filter 
because the filtering capability of signatures files is limited by the nature of their 
indexing approach and data structure. Therefore, there will be some “false match” 
in the result of queries processed by using signature files. Further check could be 
applied on the result of signature files to discard “false match” items. 
A fixed-width signature (or called bitstring) is assigned to each record in the 
information retrieval system. A record represents a textual document in the 
repository, or a certain portion of a textual document. Each word contained in 
the record will be typically hash coded for certain times to see whether certain 
bits in the signature file of the record should be set. Fig. 5.2 shows an example 
of such a signature file generated by superimposed coding method. To find those 
documents containing specified words, a quick test is carried out firstly by 
matching the signature files of records with those of words to look for. 
Unqualified records will be discarded immediately, and the left records will be 
sent for further examination (e.g. full text scan) or just simply return to users as 
they are.  

Word Signature 

free 001 100 110 110 

text 001 110 101 101 

Block signature 001 110 111 111 

Figure 5.2 Illustration of the superimposed coding method. 
*It is assumed that each logical block consists of D=2 words only. The signature size F is 12 
bits, m=4 bits per word. (source: Faloutsos, 1992) 

Both conjunctive and disjunctive queries could be processed using the approach 
of signature files. Conjunctive queries are processed similarly as a single word 
query by comparing the signature of whole query with the signature files of 
records. Disjunctive queries are solved by converting each of them into a series 
of signatures, one per disjunction. If the signature file of a record is qualified 
with any disjunction in a disjunctive query, this record is regarded to be 
qualified for the whole disjunctive query.  
As concluded by Faloutsos (1992), three kinds of methods could be applied to 
improve the response time and to trade off space or insertion simplicity for 
speed. These methods are compression (e.g. bit-block compression, variable bit-
block compression, etc.), vertical partitioning (e.g. bit-sliced signature files, 
frame sliced signature files, compressed bit slices, doubly compressed bit slices, 
no-false-drop method, etc.) and horizontal partitioning (e.g. Gustafson’s method, 
partitioned signature files, 2-level signature files, S-trees, etc.).  
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Signature files are much faster (1 or 2 order of magnitude) than the full text 
scanning without any index data structures (Faloutsos, 1992). Comparing to 
inverted files, the signature files require a much less storage overhead (typically 
10-15% of the original size of documents), while the inverted file need a space 
of 50-300% size of documents for storage (Christodoulakis and Faloutsos, 1984; 
Haskin, 1981). Furthermore, signature files is friendlier for insertion of records 
than the inverted file approach. One only needs to append a signature file for the 
newly inserted record to the signature files, without being bothered to update the 
whole index structures as what the inverted file does. This feature enables 
signature files to perform better in high concurrency of both queries and 
insertion. Such a nature could also give signature possibility to benefit from 
parallel and distributed computing technology, and capability to be applied in 
systems built on once-write-only media (e.g. optical disks). Although many 
methods could be applied to improve the performance, signature files are slow 
for large database. It is because the complexity of processing a textual query 
using signature files is ( )O N , linear to the number of items ( N ) in database. 
However, under certain circumstance with proper parameters, signature files 
could beat inverted file in the speed. As concluded by Faloutsos (1992), 
indexing and searching techniques based on signature files are suitable for 
applications with medium-size databases and low query frequencies, and 
applications under distributed environments.  
However, nowadays, signature files are not used as much as inverted file in text 
information retrieval fields, because it is always inferior to inverted file in terms 
of indexing speed, functionality, etc.   

• Suffix Arrays (or PAT Arrays) 
The suffix array (or called PAT array) is a very efficient data structure designed 
for searching of a large body of text. Simply speaking, a suffix array in 
computer science is an array of integer indicating the starting position of all the 
suffixes of a string in a lexicographical (alphabetical) order. Binary search could 
be applied using the suffix array to search for a string. Suffix array could be 
viewed as an efficient implementation of suffix tree. Suffix arrays method was 
discovered independently by Gonnet (1987) and Manber and Myers (1990). 
Generally speaking, the suffix arrays are more space efficient than suffix tree, 
and but it requires more much longer time (which is ( log )⋅O N N ) to build it than 
suffix tree (which in worst case is ( )O N ). In addition to being applied in a fast 
text searching system as Gonnet did in the Oxford English Dictionary, suffix 
trees and arrays could also be applied in bioinformatics applications to index the 
structure of DNA and proteins. Then the certain pattern in the structure of DNA 
and proteins could be retrieved efficiently (Manber and Myers, 1990).  
Suffix arrays could have a similar performance in word searches as inverted file, 
which is logarithmic. The main advantages of suffix arrays are their ability to 
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support some certain kinds of searches which will be difficult or inefficient to do 
over inverted files, such as searching for phrases, searching by regular 
expressions, approximate string searching, longest repetitions, most frequent 
searching, and so on (Gonnet, et al., 1992).  

5.2.2 Spatial indices in spatial data management 
The most common spatial queries in the spatial data management field are the 
Nearest Neighbor (NN) query, the Intersection query and the Containment query. 
The NN query is to find the nearest object or the N nearest objects in 
geographical space from the specified point of reference. The intersection or 
containment query looks for the objects whose geographical boundaries intersect 
or are contained by the specified window area. So the NN search is called a 
point query, while the other two are called window searches. Due to the heavy 
structural complexity of geographical objects, and dense computational effort 
needed to compute a geometric query, efficient indices are greatly needed to 
enable quick spatial query processing and data access in modern spatial data 
management area, such as the spatial databases. Similar to the spatial databases, 
the modern GIR systems will also need to deal with a great amount of 
geographical information, especially for those who are using the multiple-
geofootprint model. The magic behind popular spatial indices (or called spatial 
data access method, SAM) is the application of filter-refinement paradigm. 
Processing of spatial queries using spatial indices is divided into 2 steps, the 
filter stage upon the index data, and refinement (extract match) upon the original 
data. With the help of spatial indices, the filter stage could, in most case, leave 
out most obviously irrelevant geographical data objects for the coming 
refinement stage, because simple approximation of the original geographical 
data is adopted to build the spatial index, and the original complex spatial query 
operations are replaced by their corresponding simplified approximation. 
Actually, the filter step is trying to create a minimum superset of true results 
with least effort. Minimum bounding rectangles (MBR, or called minimum 
bounding box, MBB) are widely adopted to approximate the complex 
geographical objects, and overlap upon MBRs is used to approximate the extract 
spatial query operations in the filter stage. Due to the use of simplified but 
inaccurate approximation, extract match upon the original data is still need in 
the refinement step, but with averagely much less objects (included in the 
superset created by the filter step) to process. Comparing to the large amount of 
spatial data with complex data structure, spatial indices are always simple and 
smaller. It could then be entirely loaded into memory (primary storage) for a 
quick data processing.  
According to Rigaux (2002), existing spatial access methods (SAM) could be 
categorized into the following two groups: 
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 Space-driven structure: This type of SAM is based on the partition of the 
embedding 2D space into rectangular cells, ignoring the distribution of the 
objects in the 2D plane. Objects are mapped to the cells according to some 
geometric criterion (containment or intersection). Then a linear structure 
or ordering can be established, and used to index the 2D or even 3D 
geometric objects. Common indexing approaches of this type are the Grid 
File, the Linear Quadtree, the z-Ordering Tree and some other space 
filling curves; 

 Data-driven structure: These structures are organized by partitioning the 
set of objects, as opposed to the embedding space. The partitioning adapts 
to the objects’ distribution in the embedding space. The R-Tree family 
(e.g. R-Tree, R*-Tree, Packed R-Tree, R+-Tree, etc.) is the most typical 
data-driven SAM. 

Spatial access methods also need to meet essential requirements (Regaux, 2002): 
(1) Time Complexity: It should support exact (point) and range (window) 

searches in sublinear time. In other words, a search for a small subset of 
the collection with SAM should take less time than the sequential scan, 
which has a time complexity of ( )O N -linear to the size (denoted as N ) of 
geographic object collection. 

(2) Space Complexity: The size of the SAM itself should be much smaller 
than the original data it indices.  

Although the second requirement in the above two is not that important any 
more given the rapid development of computer hardware manufacture, the size 
of a spatial index itself is still an important factor while making a choice for a 
proper spatial index. In some special cases that have critical requirement on the 
time complexity, a complex index of huge size could be established to enable a 
quick search among indexed data. Under such circumstance, we will need large 
memory (or high-speed secondary storage as a cache of memory). Otherwise the 
increased I/O overhead brought by the large index itself will more or less 
eliminate the advantage of such a complex and large index. The startup time for 
the system will also be relatively longer to load such a large index. So in most 
cases, there is always a balance between the time and space, while designing a 
proper spatial index for efficient geographical data management. 
Another important property of SAM is dynamicity, according to Regaux (2002), 
which enables SAM to be adaptable to all kinds of spatial data distribution 
during the growth and shrinkage of an indexed collection. Although the spatial 
indexing technologies to be discussed here cannot be applied directly to modern 
GIR systems, they can still provide useful hints for us to find a proper indexing 
approach for spatial information in modern GIR systems. Among various kinds 
of spatial indices, the following four are going to be introduced and examined in 
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this part: the Grid File, the Linear Quadtree, the Space-Filling Curve, and the R-
Tree family. 
• The Grid File 
The Grid File is originally designed for indexing objects according to the value 
of several attributes. Unlike the B-tree, it is a multi-key index that supports 
queries on any combination of these attributes. The Grid File could be viewed as 
the multi-dimensional extension of the hashing technology in one-dimensional 
space. The d-dimensional space hosting the geometric objects is divided into 
cells by a couple of (d-1)-dimensional planes. Each cell is pointing to the storage 
place for all the geometric objects that is geographically related to this cell.  
The simplest grid file could be created by dividing the whole space with fixed 
horizontal and vertical dividers, and hence results in cells of equal size. This 
grid file is first designed for the indexing of points, and later could be adapted to 
support the MBB. For example, the 2-dimensional search space is decomposed 
into a rectangular ×x yn n  array of cells, which is called the Directory of the grid 
file. Denoted as [1: ,1: ]x yDIR n n , each cell c in this directory is associated with a 
certain storage page on disk. If [ , ]x yS S  is the 2D size of the search space, each 
cell’s rectangle has size [ / , / ]x x y yS n S n . A given point P is assigned to the cell c, 
which contains P. All the points mapped to a cell c are sequentially stored in the 
disk page associated with c. The figure (Fig. 5.3) gives a vivid illustration of the 
structure and indexing process of the grid file. As shown in the same figure, the 
overflow page is assigned to store those objects that could not be hosted in a 
single disk page. 

 
Figure 5.3 A fixed grid file and overflow page (source: Regaux, 2002) 
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The size of cells in the Grid File index structure does not need to be equal. Two 
arrays (denoted as [ 0, 1, 2,...] [ 0, 1, 2,...]x x x y y y ) of numerical data could be 
established to record the location of dividers along the X and Y dimensions. A 
point query based on the grid file index could be conducted in the following 
three steps:  

(1) Find the cell c that contains this input point P;  
(2) load all the geometric objects stored in the disk pages associated with 
cell c;  
(3) examine each object in cell c in a sequent way to find the target object. 

Aided by the directory structure of the grid file, the point query could avoid 
most disk IO operations for irrelevant objects, and hence speed up the query 
processing. 
As stated before, the grid file is initially designed for point objects, and could be 
extended to support rectangular data (see Fig. 5.4). In addition to the point query, 
the grid file could also support window queries efficiently, such as intersection 
queries and containment queries. 

 
Figure 5.4 A grid file for rectangle indexing (source: Regaux, 2002) 

Obviously, the grid file has a simple structure of index data and is easy to 
implement. It could provide quick spatial query processing by combining certain 
encoding techniques. But the grid file does not always perform well. When the 
distribution of geometric data is too skewed, or there are many objects across 
multiple cells, there will be more duplicated data and the performance will 
degrade dramatically. It could be concluded that the grid file is always good for 
indexing point objects with not too skewed distribution, or data distribution with 
too much overlapping. Regarding the skewed data distribution, a grid file index 
with dynamic sizes could be adopted. But obviously, the efficiency of spatial 
indexing using such a grid file will be decreased. Concerning the data 
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distribution of too much overlapping (the worst case is that there are all large 
objects within the space), there is still no good solution to spatial data indexing 
using grid files.  

• The Quadtree and Linear Quadtree 
The Quadtree provides a simple extension of the B-Tree used in DBMS to index 
numerical data. Taking the MBR of geometric objects as the indexing data, these 
rectangles are mapped to cells obtained by a recursive decomposition of the 
space into quadrants, known as quadtree decomposition. With the help of a 
special encoding scheme, cells could also be indexed by a B-Tree using the cell 
rank (encoded value) as a key. This gives birth to a variant of ordinary Quadtree, 
which is called the Linear Quadtree. From the following figure (Fig. 5.5), the 
whole space is divided into four cells: NE, SE, SW, and NW. The MBB of the 
geometric object is associated with the cells whose rectangular boundaries 
intersect or contain the query point or window.  

 
Figure 5.5 Quad-tree spatial indexing (source: Regaux, 2002) 

Because of its structural simplicity, the quadtree can accelerate spatial data 
access in the 2D plane. But the query time with the Quadtree is related to the 
depth of the tree, which might be extensive in reality. Duplicated data storage, 
caused by skewed and large objects which cross multiple cells, not only 
increases the number of I/Os, but also potentially degrades the performance of 
indexing processes with much more post-processing work. In general, the 
Quadtree can provide efficient indexing for a small group of spatial objects.  

• The Space-Filling Curve 
B-Tree and its family (e.g. B+Tree, etc.) have had great success in indexing 
ordered data. Due to the complexity of the data structure of spatial data, there is 
not a linear order available in 2D or higher-dimensional space. As a result, the 
B-Tree family indices cannot be applied directly in the indexing of spatial data. 
The Space-Filling Curve is just such a technique that tries to introduce a linear 
order into the multi-dimensional space. Actually, all space-filling curves provide 
a mapping function (Equation 5.1 and Fig 5.6) for points from a high-
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dimensional space into points in a low-dimensional space, such as from 2D 
points into 1D points. After the mapping, a 2D space of fix range will result in a 
line segment with limited length. All these mapping functions should have the 
property that close objects should have a similar index value. Then a linear order 
could be set up in the mapped 1D space and the B-Tree family indices could be 
established to enable a quick binary search.  

( )=A f B                                                                 (5.1) 

 
Figure 5.6 Mapping function of space-filling curve 

Common space-filling curves are the z-Ordering Curve (also known as the 
Morton Curve), the Hilbert Curve and Peano Curve, as shown in the Fig. 5.7(a). 
Incorporated with a certain encoding technique, all the geometric objects could 
be encoded as numbers (as shown in the following Fig. 5.7(b)). B-Tree could 
then be easily applied to speed up the spatial query. Point query or window 
query in 2D-dimensional space could be converted into the equal query or range 
query on the B-Tree index structure.  

 
Figure 5.7 (a) Space-filling curves (source: Wikipedia, 2008); (b) cell encoding in z-ordering 

curves 

Unfortunately, there exists no continuous bijective function f that could map an 
area B into a linear object A in a lower dimensional space, without losing any 
information. For example in the Fig. 5.7(b), cell 2 and cell 1 are close in the 
index value, but they are not as close as that of cell 2 and cell 3. In practice, a 



129 

relatively large buffer should always be set up to include as many candidate 
objects as possible. But it will also introduce quite a lot of irrelevant objects, 
which consequently lower the indexing performance. What is more, there is not 
an effective size of buffer that could embrace the least but complete set of 
candidate objects.  
From the above analysis of space-filling curve indexing, it was found that the 
advantage of space-filling curves as a spatial index is the simplicity of index 
structure with an acceptable performance of spatial data access. Only a single 
number or string as ID is need while indexing the geographical objects, and the 
inter-links between objects are hidden to implicit behind IDs by the pre-defined 
encoding paradigm of space-filling curve in use. The computation of function 

 

f  
is also not very hard. Given the z-ordering curve, this task could be finished in 

2log ⋅d N , where d  is the number of dividing lines along a given axis and 

 

N  is the 
number of geographical objects to index. Although space-filling curves can be 
fast, they cannot ensure the exactness of query result. In order to avoid loss of 
potentially relevant objects for a spatial query, binary search with expanded 
range is always executed upon a space-filling curve based index in the filter 
stage. To gain higher exactness of indexing, denser cells are needed to divide the 
whole space, which results in longer codes and encoding/decoding time. In this 
case, the updating and inserting of spatial objects will also correspondingly 
require longer time of processing. Anyway, space-filling curves can play an 
important role in applications that require approximate query results but very 
short response time and least modification to structures of source data or other 
existing indices. In spatial databases, the space-filling curve indexing is widely 
used to linearly sort the geographical data objects on secondary storage devices 
(e.g. hard-disk). Thus while reading matched data recorded from disk, number 
of needed I/O operations could be reduced, because geographically adjacent 
objects are placed in close location of disk and actual movements of disk’s 
reading unit could be depressed. 

• The R-Tree family 
R-Tree (as shown in Fig. 5.8) is the most important and widely applied spatial 
index in the spatial data management area. Its applications include nearly all the 
mainstream spatial databases and desktop GIS software. R-tree is a highly 
balanced tree index, which could be viewed as an extension of the B-tree index 
in the two-dimensional space. The R-tree makes use of the minimum bounding 
rectangles (MBR) of geometric objects to index rather than the geometric 
objects themselves. Each node in the R-tree is associated with a rectangle that 
equals the MBR of all its descendants. In a recursive way, the R-tree partitions 
the whole 2-dimensional space of the geometric data to search with rectangles. 
In addition to the MBR, the leaf nodes will also contain pointers to geometric 
objects. 
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Figure 5.8 The R-Tree spatial index structure 

Point (Fig. 5.9) and window query through the R-Tree index will start with the 
root nodes. Recursively, if the MBR of the parental node overlaps or covers the 
input point or rectangle, the query will be passed to their child nodes until the 
leaf nodes are reached. By using such an approach, the R-Tree index could help 
the processing of spatial queries avoid many irrelevant geometric objects in the 
very beginning and hence save quite a lot of I/O and computation time. This 
implies that a logarithmic search time will be needed in most cases. Given an R-
tree with a fan-out order of M, a window query over N geometric objects will 
cost ( log ( ))⋅ MO M N . But the search with R-Tree cannot replace the search over 
geometric objects. The geometric objects under the selected leaf nodes need to 
be thoroughly investigated to see whether they really meet the spatial condition 
with the given geometry. So the estimate time complexity of a window query 
over an R-Tree will be ( log )⋅ + ⋅MO M N a p , where p  is the average computational 
effort that a single geometric operation will cost. 

 
Figure 5.9 Point query with R-Tree 
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The R-Tree index is always sufficient. In addition, the establishment of an R-
Tree does not require prior knowledge of the space and hence could be 
applicable to all kinds of geometric data distributions. The disadvantage of R-
tree is also obvious and problematic. Unlike the B-Tree, which is famous as a 
worst-case optimal index, the R-Tree is not adaptable to certain geometric data 
distributions. A skewed distribution of geometric objects could result in a large 
overlap among nodes of the same level, which will consequently increase the 
data storage of the index (duplicated data) and degrade the search performance.  
Luckily, there are already some improvements to the original R-Tree concerning 
these problems. Generally speaking, improvements to the original R-Tree will 
aim at optimizing the following parameters: (1) node overlapping, (2) area 
covered by a node, and (3) perimeter of a node’s directory rectangle (Regaux, 
2002). There are no well-founded techniques to simultaneously optimize these 
three parameters. But some significant improvements have led to the following 
very important variants of the original R-Tree. 

 
Figure 5.10 The difference between R*-Tree and R-Tree in the split algorithm (Source: 

Reguax, 2002) 

 
Figure 5.11 The difference between R*-Tree and R-Tree in the forced reinsertion (Source: 

Reguax, 2002) 

The first variant is the R*-Tree (Fig. 5.10 and Fig. 5.11) which improves the 
split algorithm when a node overflows. One improvement of R*-Tree’s split 
algorithm is minimizing the overlapping area by performing the split along one 
axis (which is chosen according to its potential overlapping area), and then 
exploring all possible distribution of objects above or below the split line. It 
could avoid the problem of too much overlapping brought by the large objects 
inside the overflowed nodes. Another improvement of R*-Tree is reinsertion of 
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some entries whenever a node overflows, in order to avoid some degenerated 
cases. It will result in a more saturated tree but with the least number of MBRs 
possible. 
The second variant of the original R-Tree is called the R+Tree (Fig. 5.12), 
which takes special measurements to avoid the overlapping of internal nodes at 
the same level. Consequently, for a point query, a single path is followed from 
the root to a leaf, and results in less geographical objects in the leaf nodes for 
further examination in the refinement step. Basically, the R+Tree is more 
efficient for the indexing of large objects (since large objects will cause a lot of 
overlapping among the internal nodes of R-Tree, which hence decrease the its 
efficiency of indexing) and the processing of point queries. But the disadvantage 
is that the R+Tree will also have more I/O overhead than the original R-Tree, 
which will always have smaller tree depth than this variant (as shown in Fig. 
5.12). The window query cannot benefit from this modification to the original 
R-Tree.  (Reguax, 2000) 

 
Figure 5.12  The difference between R-Tree and R+Tree 

Packed R-Tree brings a significant improvement in the creation of a whole R-
Tree. In the original R-Tree, the whole tree is built by dynamic insertion and 
deletion operations guided by some heuristic rules to avoid overlapping area and 
minimize the sum of all minimum-bounding rectangles. This up-bottom process 
of establishment does not allow one to optimize the space utilization and will 
definitely lead to performance degradation with the increase of inserted and 
deleted nodes.  If one could know the distribution of all rectangles before the 
tree construction (a priori), a pre-processing step before creation of the R-tree 
could be carried out. Then successive processes of creation will produce a more 
effective R-Tree. A similar idea, which is known as packing algorithms, has 
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been applied to build a better B-Tree in a bottom-up approach. The Sort-Tile-
Recursive (STR) algorithm has been proposed for the R-Tree, also known as the 
STR-Tree. 
Besides the following famous variants, the Hilbert R-Tree introduces a value of 
the MBR associated with each node in Hilbert space, and then uses a B-Tree to 
index these MBRs with a technique similar to space-filling curve indexing. Like 
the SFC indexing approaches, the Hilbert values cannot completely represent the 
adjacency of geometric objects in multi-dimensional space. Some other variants 
are Packed Hilbert R-Tree, Dynamic Hilbert R-Tree and so on. 
The problem with all the mentioned SAMs is their lack of robustness with 
respect to the statistical properties of objects in the two-dimensional plane, no 
matter whether they are space driven or data driven. Normally, when the data 
distribution is not too skewed, their performance is satisfactory and the response 
time is close to optimal. But the performance might drastically degrade when a 
skewed distribution of data is added. According to Regaux (2002), this problem 
exists for all multi-dimensional access methods. 

5.2.3 Evaluation study of keyword-based textual indices and 
spatial indices 
In order to better understand and investigate the performance of keyword based 
and spatial indices, some experimental work is carried out and certain statistical 
analysis is applied to see how these indices behave in reality. Another reason to 
carry out these experiments for keyword based indices and spatial indices is that 
we can have a general estimation on how time is spent in processing the 
keyword query and spatial query respectively. Such kind of information will 
enable us to better study and evaluate the performance of proposed indexing 
techniques designed for GIR, whose query processing includes the processing of 
both a spatial query and a thematic query.  
(1) Keyword-Based Textual Index 
The keyword-based index to be evaluated here is the most important one: the 
inverted files index. As mentioned in the above sections (Section 5.2.2), with the 
help of the inverted files index, the retrieval time could be reduced to the level 
of 

 

O( logN )  or even a constant retrieval time, where 

 

N  is the number of keywords 
in the document library.  
 Experiment Task 
The task of this experiment is to investigate the performance of inverted files in 
the processing of thematic queries, given increasing number of documents to 
retrieve. Under the same experiment environment, the estimate average time of 
processing a thematic query will also be measured for the further investigation 
and comparative study upon the proposed indices designed for GIR.  
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 Experiment Design 
Given a serial of libraries with increasing numbers of textual documents, the 
performance of inverted files index is measured by its average query processing 
time over a large number of queries, in order to reduce bias in the experiment 
result. The thematic queries were prepared by randomly picking up a certain 
number of terms over all the terms appeared in the documents. Each query will 
be composed of a single term that is picked up. For the testing upon each 
document library, a same large number of queries are executed and the total 
query processing time is measured. The number of queries should be large 
enough to ensure the effectiveness and righteousness of experiment result. By 
studying the trend of query time increase with the increase of number of 
documents to retrieve, the performance of inverted file index could be measured.  
 Experiment Platform and Environment 
The experiment is implemented in Java programming language (ver. 1.5) and 
run in Mac OSX 10.5.6. The Lucene Java (Apache Lucene Project, 2008) 
implementation of the inverted files index is adopted here for evaluation 
purposes. Time costs are measured in milliseconds for different numbers of 
randomly prepared term queries upon each document library. The following 
table presents the detailed configuration of experiment platform and 
environment.  
Table 5.1 Experiment platform and environment for experiments about keyword-based index 

Java Platform Java 1.6.0 (Mac OSX) 
Lucene Java 2.4 
Mac OSX 10.5.6 (Leopard) 

CPU 2 GHz Intel Core 2 Duo 
Memory 1 GB 667 MHz DDR2 SDRAM 
Java VM 

Specification 
Sun Java 1.6.0 for Mac 

Min Memory=256M; Max Memory=512M 
HardDisk SATA 80GB / 7200RPM 

 
 Experiment Dataset 
With the help of the web crawler tool named WebHarvest, about 55000 piece of 
news are grabbed from the NY Times website during the time span of 2004-
2008. These grabbed news are stored in 55000 ASCII text files on disk, taking 
up about 350 MB of storage space. About 400000 terms (without spell checking 
and stemming) are extracted after indexing these 55000 files using Lucene’s 
implementation of inverted files. In order to study the performance of inverted 
files, 19 libraries of documents are generated by picking up 1000, 3000, 5000, 
7000, 9000, 11000, 13000, 15000, 17000, 20000, 23000, 26000, 29000, 32000, 
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35000, 40000, 45000, 50000, 55000 documents from the whole set of 
documents. Measurement is performed and recorded by executed 20000 
randomly generated queries on each library of documents.  
 Experiment Results and Discussion 

Table 5.2 Performance of Lucene Inverted File Index – By Number of Documents 

Documents Terms Per Query Queries Total Time Cost (ms) Avg. Time Cost (ms) 

1000 1 20000 1360 0.06 

3000 1 20000 2008 0.10 

5000 1 20000 2682 0.13 

7000 1 20000 3406 0.17 

9000 1 20000 4188 0.21 

11000 1 20000 5163 0.26 

13000 1 20000 5945 0.30 

15000 1 20000 6960 0.35 

17000 1 20000 7755 0.39 

20000 1 20000 9155 0.46 

23000 1 20000 10417 0.52 

26000 1 20000 11509 0.58 

29000 1 20000 14098 0.70 

32000 1 20000 15664 0.78 

35000 1 20000 16380 0.82 

40000 1 20000 18025 0.90 

45000 1 20000 20292 1.01 

50000 1 20000 23108 1.16 

55000 1 20000 25581 1.28 
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Figure 5.13 Performance of the inverted file index with single term queries in terms of Total 

Time 

From the above table and charts (Table 5.2 and Fig. 5.13), it was found that with 
Lucene (Java) implementation of the inverted files index, the total retrieval time 
of 10000 queries grows nearly in a linear pace with the increasing number of 
documents. Each single-term query almost cost only a constant period of time. 
With the increase of the document library in size, this constant time rises up a 
little bit accordingly. From the Fig. 5.13, one could also find that the increase of 
query processing time is obviously slower than the increase of document library 
in size. This discovery is coincident with the theoretical analysis of inverted files’ 
performance.  
The above analysis tells us about the performance of the inverted files index 
with single-term queries. But in more general cases, the users of IR systems will 
input two or more keywords in their queries, trying to express their information 
search need more precisely. Hence, the behavior of the inverted files index 
under multiple-term queries is comparably more important than that of single-
term queries. But the query processing time of inverted files is greatly affected 
by the way in which these multiple terms are connected to each other. Generally 
speaking, conjunctive multiple-term queries are less costly than disjunctive 
multiple-term queries. Because the processing of conjunctive multiple-term 
queries could end at any time before the last term to process, in case any of the 
multiple terms fails to match any documents in the library. Certain optimization 
could also be applied to process the next term basing on the result of last term. 
So the processing time of conjunctive multi-term queries vary quite a lot with 
the number of terms and the distribution of terms in documents. In contrast, the 
processing of disjunctive multi-terms queries needs to be run over all the terms 
that are input. Therefore, the total processing time is always proportional to 
number of terms. In order to study the performance of Lucene’s inverted file in 
processing multi-term queries, randomly generated queries with multiple-terms 
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are processed and corresponding time of query processing is recorded. This 
experiment is carried out on a library of 35000 documents, and 9 groups of 
queries are prepared. Each group contains 50000 queries, and each query in 
different group has one to nine terms respectively. The evaluation result is 
presented as the following table (Table 5.3) and chart (Fig. 5.14).  

Table 5.3 Performance of Lucene Inverted Files Index – By Number of Terms Per Query 

Documents Queries Terms Total Time for 
Disjunctive Queries 

Total Time for 
Conjunctive Queries 

35000 50000 1 25587 25343 
35000 50000 2 54371 10048 
35000 50000 3 79047 10589 
35000 50000 4 106790 12893 
35000 50000 5 134285 15614 
35000 50000 6 158421 18119 
35000 50000 7 190038 21089 
35000 50000 8 222060 23653 
35000 50000 9 238783 26076 

 

 
Figure 5.14  Performance of Lucene’s inverted files index with multiple-term queries 

From the above table, one could read that the total processing time for 
disjunctive multi-term queries grows rapidly with the increasing number of 
terms per query. But for the conjunctive multi-term queries, the result of 
experiment is totally another story. If multiplying the query processing of 
conjunctive queries by the number of terms, the result is still lower than that of 
disjunctive queries. This difference shows that Lucene should have provide 
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some optimization in processing the conjunctive multi-term queries. For 
instance, Lucene may start the query processing with the terms of lower 
document-frequency in the library, followed by terms of higher document-
frequency. Then the processing time of later terms could be reduced or saved, if 
a small set of documents is returned from the processing of previous term. These 
three facts could be seen more easily from the chart shown as Fig. 5.14. 

 Conclusion of Experiment on Keyword-based Indices 
From the above statistical analysis of the evaluation results of the inverted files 
index, it was confirmed that the inverted files index could provide outstanding 
performance for processing fulltext searches in conventional IR systems. The 
inverted files index implemented by Lucene toolkit has also done some 
optimization while processing conjunctive the multi-term queries. 
 

(2) Spatial Indices 

As stated in the above sections, the application of a proper spatial index could 
greatly speeds up spatial query processing, which will deal with geometric data 
objects having complex structure and analysis operations. In order to emphasize 
the importance of a potential spatial index for modern GIR systems, more 
evaluation work has been carried out to investigate the performance of different 
spatial indices including the Quadtree, R-Tree, STR-Tree, z-Order SFC+B-Tree, 
etc. Unlike the popularity of the inverted files index in conventional IR systems, 
the spatial indices are relatively new and immature in modern GIR systems. 
Hence, spatial indices are evaluated more carefully here to inspire the design of 
a proper combined indexing mechanism, which could efficiently handle both 
thematic and geographic information for modern GIR systems in the coming 
sections.  

 Experiment Task 
In this evaluation, the most common spatial indices will be investigated to see 
how they could speed up the processing of spatial queries. As similar to above 
experiments on inverted files, the I/O costs are omitted while evaluating the 
performance of various spatial indices. Queries are executed only in the main 
memory of computer and then corresponding processing time is measured to 
compare the in-memory performance of those spatial indices being evaluated. 
Some other parameters, which might affect the indexing performance, will also 
be taken into consideration, such as the types of geometric approximation (point, 
rectangle or generalized polygonal boundary, etc.), query types (point query like 
NN, or window query like Intersection and Containment) and so on. These 
parameters are also quite important for choosing a proper spatial index in GIR. It 
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is because in GIR, nearest neighbor, intersection and containment are the most 
popular spatial queries of users’ interest, and the geographical approximation of 
documents’ geographical footprints has always been a hot issue in the 
development of GIR (Hill, 2007). How to choose an effective and efficient 
geographical approximation for information retrieval by the geographical 
criteria expressed in human nature language has been studied for a long time, 
and it will affect the choice of a proper spatial index for GIR.  
 Experiment Design 
Within a space of [0 :100000] [0 :100000]= =x y , it is supposed that there are 55000 
documents (the same number as that of documents to retrieval in the library) and 
each of them is adhered with one single geographical reference. Since the actual 
spatial query processing procedure will be affected by both the type of geometry 
approximation that are adopted to represent the geographical footprints in 
documents, and the number of geographical footprints. So using the built-in 
random number generator of Java environment, serial sets of geo-objects are 
generated in three different types of geometries (points, rectangles, and convex 
polygons with 8 points each), one geometry object for each document 
respectively. The performance of various spatial indices are evaluated by their 
processing time of typical spatial queries, which are also generated in a random 
way with a space of the same scope as the geo-objects. Three GIR’s most 
common types of spatial queries, which are carried out by distance and 
topological relationships between two geo-objects, are adopted and they are the 
nearest neighbor (NN) query, the containment query (CT) and the intersection 
(IS) query. For NN queries, sets of points are randomly generated (one point for 
each NN query) with an equal distribution on both axes within the same scope. 
For CT and IS queries, each query will contain a rectangle, whose centroid and 
dimension are generated randomly with the scope of [0 :100000] [0 :100000]= =x y .  

After the above preparation work, two experiments are carried out as below. 
Experiment A: First of all, the evaluation work will start with the comparison of 
indexing performance among different spatial indices: Quadtree, STR-Tree, z-
Ordering SFC+B-Tree, and Sequential_Scan without any spatial index. With 
different types of spatial indices, 100 CT spatial queries are executed with 
rectangular geo-objects. For each execution, the total time cost of 100 queries is 
measured so as to evaluate the performance of various spatial indices in 
processing of spatial queries. The results are presented in charts to show the 
difference in performances of various spatial indices.  
Experiment B: Choosing a proper geometric approximation for the geographical 
footprints within documents of GIR is also vitally important. Detail 
approximation like convex hull and polygon boundary could improve the 
accuracy while measuring the spatial similarity between documents and queries. 
But it will also bring more overheads in storage, indexing and query processing 
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of geographical data. This experiment is trying to reveal the relationship 
between complexity of the geometric approximation with the decrease of 
performance in spatial query processing with spatial indices. Sequential scan 
will be compared with that R-Tree spatial index in querying geo-objects of 
different types, including the point, rectangle and polygon. The difference of 
performance between the sequential scan and the R-Tree will be measured to see 
how the complexity could affect the performance of spatial query processing. It 
will provide useful hints for the designer of a GIR system to choose the proper 
geometric approximation of geographical footprints in documents. A balance 
between the degree of accuracy and performance should be meet.  
 Experiment Platform and Environment 

The experiment is implemented in Java programming language (ver. 1.5) and 
run in Mac OSX 10.5.6. Among various spatial indices being investigated in this 
experimental work. 

 Quadtree and STR-Tree are implemented by the Java Topology Suite 
(JTS) package; the original R-Tree is from the Java Spatial Index library 
and some modification has been made to let it to be compatible with JTS 
geometries. The algorithm to process NN queries using QuadTree and 
STR-Tree is implemented manually by modifying the source code of JTS 
library. 

 R-Tree comes from the Java Spatial Index Library (JSI v1.0b). Some 
improvements have been made to retrieve results in a list data structure 
from the R-Tree, which originally only provide a visitor interface to 
access the query processing result.  

 z-Ordering SFC+B-Tree and the Sequential_Scan are implemented 
manually.  

Time costs are measured in milliseconds for different numbers of randomly 
prepared term queries upon each document library. The configuration of 
experiment environment is the same as that in the experiment for keyword-based 
index (see Table 5.1).  
 Experiment Dataset 

Experiment data being used in this experiment is generated in a random way, 
including the geo-objects to query from and the spatial queries to be executed 
with the help of various spatial indices. Within a space of 

[0 :100000] [0 :100000]= =x y , geo-objects of the type point and NN queries are 
simulated and represented as coordinates, each of which is composed by two 
random numbers generated using the built-in random number generator of Java 
VM. The rectangular geo-objects, containment and intersection queries are 
generated by one random point and two additional random numbers as the 
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length and height. A polygonal geo-object is simulated and generated by 
computing the convex hull of 8 random points. In order to study the 
performance of various spatial indices, 19 sets of geo-objects are generated by 
creating 1000, 3000, 5000, 7000, 9000, 11000, 13000, 15000, 17000, 20000, 
23000, 26000, 29000, 32000, 35000, 40000, 45000, 50000, 55000 geo-objects 
for each set respectively. They are prepared in advance and saved on disk. When 
needed, they are loaded into memory to build up the spatial indices and process 
spatial queries. But the time spent in loading the data into memory and building 
the indices are not included in the total processing time of spatial queries. 
 Experiment Results and Discussion 

Result of Experiment A 

 
Figure 5.15 Performance of spatial indices (1): comparison of various spatial indices by CT 

queries 

The evaluation result is illustrated in the above chart (Fig. 5.15). From this chart, 
it can be revealed that the spatial indices beat the sequential scan without any 
index in the query processing time. The slopes of those lines in the above chart 
represent the performance of different approaches of spatial query processing 
with and without spatial indices. It is obvious that the sequential scan has the 
largest slope, which tells it is the slowest among the presented approaches. In 
this experiment, the R-Tree is always the fastest since it has the smallest slope in 
the chart. With the increase of the number of geometric objects, various spatial 
indices also perform much better than the non-index sequential scan. The slope 
of sequential scan approach keeps the same with the growing of geo-objects to 
process. In other words, it shows that the sequential scan approach has a strictly 
linear complexity in processing the spatial queries like the containment query. 
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For the other approaches with spatial indices, the slopes tend to fall down with 
the growth of number of geo-objects to query from. This discovery shows that 
spatial query processing with the help of those spatial indices has a smaller 
computational complexity than the sequential scan, and it coincides with the 
theoretical analysis in section 5.2.2. More specifically, in this evaluation 
experiment, the R-Tree index outperforms the other spatial indices, followed by 
STR-Tree, QuadTree and ZSFC+B-Tree.  

 
Figure 5.16 Performance of spatial indices (2): comparison of various spatial indices by NN 

queries 

Although the non-index sequential scan is the slowest, but the difference in 
performance between spatial query processing with and without spatial indices 
is not that significant. It is because of two reasons. One is that the geographical 
objects are represented as rectangles, which is not structurally and 
computationally complex enough to witness the benefit brought by spatial 
indices. But in real applications, the geographical objects are always stored as 
complex polygons consisting of large number of vertices. In such cases, the 
operation to test whether two polygons intersect will cost much more time than 
that on two rectangles. The performance of spatial query processing by 
sequential scan will become even worse than that utilizing spatial indices, due to 
the complexity of the spatial operation and spatial data structure. The other 
reason comes from the size of rectangular regions being used in the spatial 
queries of containment. Since most spatial query processing approaches are 
using a filter-refinement mechanism, hence it is beneficial to utilize spatial 
indices to search for a small portion of geo-objects rather than searching for a 
large portion of them. If most geo-objects get passed in the filtering step, the 
coming refinement operation will cause the performance of spatial query 
processing by spatial indices as lower as the sequential scan. The size of 
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rectangles being used in the queries of this experiment covers half of the space. 
That is the other reason why the difference is not that huge. Another experiment 
is carried out to reveal the relationship between the performance of spatial query 
processing with the quantity of potential results.  
Similar result could be found while evaluating the performance of various 
spatial indices in processing nearest neighbor (NN) queries. As shown in the 
above figure (Fig. 5.16), the Sequential_Scan cost the most time to process NN 
queries than spatial indices. Among various spatial indices, the R-Tree again 
outperforms the other.  

 
Figure 5.17 Processing NN queries in R-Tree 

In fact, the processing of NN queries can’t benefit too much from most spatial 
indices, especially for the NN queries upon polygonal geo-objects. It is because 
of the limited selectivity of filtering according to the index data, which in most 
case is the MBR of original geometries. Taking the R-Tree index for example, 
nearly all the nodes need to be visited to find out the nearest one, especially for 
polygonal geo-objects. The original polygons are indexed according to their 
MBRs and such simplified approximation of geometry can’t well preserve the 
distance relationship between geo-objects. Looking at the R-Tree and reference 
point in figure 5.17, although P is closer to the rectangular boundary of internal 
node d than the other second-level internal nodes (a, b and c), it can’t ensure that 
the nearest geo-objects of reference point P is located within the boundary of d. 
Actually, the nearest neighbor of P is the numbered as 9 in the figure, which is 
located within the boundary of c. A deep-first transverse of the whole R-Tree 
may be needed, but few heuristic guidelines are available to choose a proper 
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internal node to start with in different levels in the tree. Although by computing 
the distance between the reference point and index data structure (e.g. MBR) of 
true geometries, some direction comparison occupying the true geometries and 
referencing point could be saved. But the selectivity of this filter operation is far 
not efficient than that in the processing of CT and IS queries. Quite a lot of false 
hits need to be validated again in the refinement step. What’s more, the 
geometric operation to calculate the distance from a rectangle to a point is 
several times more complicate than the operation that determines whether two 
rectangles intersect with each other. So it could be concluded that in practice 
most current spatial indices are better at processing topological spatial 
relationship queries (e.g. CT, IS) than nearest neighbors (NN) queries. In order 
to save time and memory, true NN queries are usually not adopted. Instead, the 
nearest neighbors within a certain buffering distance and approximate nearest 
neighbors are more practical and economic to search for.  
Result of Experiment B 
Despite the storage overhead required for various geometric representations, it 
was also found that a spatial index also acted slightly differently when indexing 
different types of geometric objects. The following chart (Fig. 5.18) represents a 
difference the author found in his evaluation experiment. It could be inferred 
from the following chart that the STR-Tree performs better when the 
geographical objects are represented as points. The reason might be because of 
the fact that for points, STR-Tree will nearly have no overlapping among 
internal nodes. Switching to the case of rectangular representation, the rate of 
overlapping will grow greatly, and it consequently degrades the performance of 
STR-Tree to some degree. Similar facts could be found on the other spatial 
indices being investigated in this chapter, including the R-Tree, QuadTree, and 
ZSFC+BTree.  

 
Figure 5.18 Performance of spatial indices: processing time by different types of geo-objects 
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Overlapping among geo-objects will make the filter operation using spatial 
indices not as selective as that without overlapping. In this case, there will be a 
lot of false hits after the filter step, and these false hits need to be verified 
furthermore with the original geo-objects. The more false hits there are, the 
closer to sequential scan performance of spatial query processing using spatial 
index is. In a word, this experiment gives proof to the fact that the overlapping 
among nodes will harm the indexing performance of various spatial indices, 
including R-Tree, STR-Tree and QuadTree.  
Some research effort has been made on how to choose a proper type of geometry 
for GIR as the geometric approximation for the geographical footprints in 
documents. Typical choices are points, minimum bounding rectangle (MBR), 
convex hull and true polygonal boundary. A good choice of geometric 
approximation for GIR should be effective enough in measuring the spatial 
similarity between users’ queries and documents, so that the spatial criteria of 
users’ information search need could be well satisfied. The choice should also 
be efficient enough, because there are always huge amount of geographical 
information to process in modern GIR systems, and storage, indexing and query 
processing overhead will be a big challenge. A balance should be made between 
the efficiency and effectiveness of chosen geometric approximation. From the 
result of this experiment, it is believed the MBR should have a good chance to 
be adopted in most GIR systems, due to its moderate indexing performance and 
storage overhead. In describing the geographical information contained in 
documents, the MBR is also far more effective than simple points. The MBR 
representation not tells the location of documents, but also includes the 
dimension and shape of the region covered by documents.  
 Conclusion of Experiment on Spatial Indices 
From the above evaluation experiments, it could be concluded that a proper 
spatial index is essentially important to access mass spatial (or geographic) data, 
due to their structural and computational complexity. Without proper spatial 
indices, spatial queries could only be processed by sequentially scanning each of 
the geo-objects, and this sequential scan will cost quite a lot of computational 
effort. Facing complicate geometric structure (such as convex hull, polygons, 
etc), the sequential scan will cost more than that on simple points. For example, 
computing the distance between two points is much easier than computing the 
distance between two polygons. Thanks to the filter-refinement mechanism 
widely applied spatial query processing with spatial indices, a great amount of 
unnecessary geometric comparison upon the original complex geo-objects could 
be saved. Comparison in the filter step is much more efficient because the 
original geo-objects are represented and indexed in simpler geometries, such as 
points or MBR. More specifically, spatial indices are good at speeding up the 
spatial query processing, which is looking for a small portion of geo-objects in 
the repository. Less overlapping between geometric objects to index and query 
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from could also bring better performance to various spatial indices. NN, 
containment (CT) and intersection (IS) are typical spatial queries of interest to 
most GIR users. CT and IS could benefit quite a lot from various spatial indices, 
such as R-Tree, STRTree, QuadTree, etc. But finding the nearest neighbor of a 
given point is not as easy as CT or IS for existing spatial indices. Special 
algorithms need to be developed to speed up processing the NN queries by 
making full use of spatial indices. However, averagely more effort is needed to 
process NN queries than to process CT and IS queries. In reality, the NN queries 
are always replaced by querying the neighbors within a certain distance. The 
latter could be processed in a similar way as the CT and IS queries.  
Among the spatial indices being investigated in the above experiments, the 
ZSFC+BTree approach is already much faster than sequential scan, although 
there is still a large distance to catch up between ZSFC+BTree and the other 
spatial indices. The main advantage of ZSFC+BTree is its simply index data 
structure and little computational effort needed to build the index.  
Since modern GIR systems need to deal with a huge amount of documents with 
geographical footprints, the design of a spatial index for modern GIR systems is 
certainly considered to be one of the most important steps to build a better GIR 
system. 

5.3 Indexing mechanisms in GIR systems 
Within a geographical information retrieval system, typical queries are always 
asking for something specified by thematic keywords around a certain place. As 
a result, information in both the thematic and geographic scope needs to be 
indexed to improve the performance of the whole system. Generally, the usual 
indexing mechanisms in GIR systems could be categorized into four groups. 

5.3.1 Four kinds of possible indices for modern GIR systems 
Before we could start to explain each of these indices in detail, some symbols 
need to be set up and clarified here, as shown in the following text.  

,< >TQuery SQuery  - The query submitted to a modern GIR system, which 
contains two parts; 
TQuery  - The thematic part of a GIR query; 

SQuery  - The spatial part of a GIR query; 

q  - The number of keywords contained in the user’s query; 

s  - The number of spatial predicates in the user’s query (will always be 1); 
n  - The number of rectangles that meet the user’s query in the spatial database 
of the system; 
p  - The average time cost to validate a spatial predicate; 
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N  - The number of words in the whole document library of the system; 
K  - The number of keywords in the whole document library of the system; 
M  - The total number of all geographical references of documents within the 
system library; 
D  - The number of documents within the system library for retrieval; 

( )MD m  - The number of documents that are located within the rectangle m ; 

( )KD k  - The number of documents having the keyword k ; 

( )DM d  - The number of geographical references contained in document d ; 

( )KM k  - The number of geographical references of documents containing the 
keyword k ; 

( )DW d  - The number of keywords contained in the document d .  

(1) Pure Keyword Index, PKI 
As indicated by the name of PKI, the GIR system will process information 
search queries merely based on the keyword index for the thematic content of 
documents. Take the inverted files index for example, when processing a spatial 
query, the GIR system will first process the thematic part of the query with the 
help of the inverted files index. Then the filtered documents will be thoroughly 
examined sequentially to see if they meet the spatial conditions expressed in the 
spatial part of the same query. Since only the PKI (e.g. the inverted files index) 
is established, the storage overhead of this index is at the level of 

 

O(N ) , where 

 

N  
denotes the number of keywords in the library. To better illustrate the process 
and time complexity of a spatial query being processed within a GIR system 
adopting the PKI, the whole process could be divided into three steps. 
Considering a query with 

 

q  keywords and a spatial predicate, the steps to 
complete this query could be illustrated as follows: 
Step1: Find all the documents, which meet the thematic condition (TQuery ) of 

the user’s query, using the PKI. Take the inverted files index as the 
example; at first, the operation to find the q  keywords in the vocabulary 
will cost ( )O q  to finish, if the hashing approach is used for the storage of 
vocabulary. When the dictionary approach is then applied, the time 
complexity to do it is around the level of ( log )⋅O q K . Then the 
occurrence tables of each filtered-out keyword will then be combined to 
produce the list of documents which meet the TQuery . To speed up the 
combination process, the occurrence tables could be pre-sorted in certain 
order (such as alphabetic order of documents’ ID). This operation will 
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require a computational time of 
1

(log ( ))
=

⋅ ∑
q

K
i

O q D i , as shown in the 

following Fig. 5.19. 

 
Figure 5.19 Sorted occurrence tables for combination of   document lists 

In some certain cases when there is one small enough list of documents 
among the q  document lists returned by the keyword-based search of 
each term iq , the process of combination could be optimized using a 
better approach: if min ( )KD i  is much smaller than max ( )KD i  which 
indicates the existence of a extremely small list, it is much efficient to go 
through the min ( )= Kn D i  documents and binary search for them in other 
lists of documents to find the common documents. This improved 
process of combination gives a time cost of ( log(max ( )))⋅ ⋅ KO q n D i , which 

will be much smaller than 
1

(log ( ))
=

⋅ ∑
q

K
i

O q D i  when there actually exists a 

small document list. 

So in total, the first step will cost 
1

( log ) (log ( ))
=

⋅ + ⋅ ∑
q

K
i

O q K O q D i  (using the 

dictionary approach) or 
1

( ) (log ( ))
=

+ ⋅ ∑
q

K
i

O q O q D i  (using the hashing 

approach) to finish. In some special cases (i.e. an extremely small list 
exist), this step could be optimized to have the time complexity of 

( log ) ( log(max ( )))⋅ + ⋅ ⋅ KO q K O q n D i (using the dictionary approach) or 
( ) ( log(max ( )))+ ⋅ ⋅ KO q O q n D i (using the hashing approach). 

Step2: Suppose the number of candidate documents for further spatial validation 
is denoted as qD  after the first step of a thematic query (i.e. TQuery ) with 
q  terms. Due to the absence of a valid spatial index, a sequential scan 
needs to be performed to examine every geographical reference in each 
document of qD  to see if it meets the spatial part ( SQuery ) of the user’s 
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query. The time cost could be estimated as 
1

( )
=

⋅ ∑
qD

D
i

p M i . Suppose that the 

maximum number of geographical references within a single document 
is denoted as max{ ( )}= Dm M i  for the whole document library, the upper 
bound of time cost spent in this step can be deduced to be ⋅ ⋅ qp m D . 
Noticing that p  is a constant that represents the average cost of a single 
spatial validating operation, so that the estimation of time complexity in 
this step can be simplified as ( )qO D , for both single-geofootprint model 
and multiple-geofootprint model.  
But the actual time consuming of this second step varies among the 
geographical information representation models and approximation 
approaches that a GIR system is using. For the single-geofootprint model, 
m  always equals to one, but this constant could grow up to dozens for 
the multiple-geofootprint model. For different approximation approaches 
(e.g. points, MBRs, convex hulls, etc.) of geographic information, the 
value of constant 

 

p could be quite different. The more complex and more 
accurate approximation method a GIR system adopts, the higher value 

 

p 
has. Due to these two factors, the processing of GIR queries without any 
spatial index is insufficient. 

Hence, the total time to complete a GIR query using PKI could be denoted as the 
following equation (Equation 5.2(1) ). When some certain conditions are 
satisfied, the total time cost of PKI to solve a GIR query could also be reduced 
to that in Equation 5.2(2). 

1

1

( log ) (log ( )) ( ) _
(1)

( ) (log ( )) ( ) _

( log ) ( log(max ( ))) ( ) _
(2)

( ) ( log(max ( ))) ( )

=

=

 ⋅ + ⋅ ∑ +

 + ⋅ ∑ +


⋅ + ⋅ ⋅ +
+ ⋅ ⋅ +

q

K q
i

q

K q
i

K q

K q

O q K O q D i O D dictionary approach

O q O q D i O D hashing approach

O q K O q n D i O D dictionary approach
O q O q n D i O D hashi _



 ng approach

      (5.2) 

It can be found from the above analysis that the main computational effort is 
spent in the combination of document lists while processing of the thematic 
query with the keyword-based index (e.g. the inverted files index), and the 
processing of the spatial condition in the query. Without any spatial index, a 
sequential scan is applied to geographically validate the candidate documents 
returned by the thematic query (i.e. the first step) one by one. Due to the 
complexity of the geographical data structure and spatial validation operation, 
this step might take a lot of time. For most existing GIR systems, Considering 
the fact that they are using the MBR to represent geographical references in 
documents as well as the single-footprint model, the processing of spatial query 
(i.e. the second step) is not a big problem. But as proposed in chapter 2 of this 
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thesis, the multiple-geofootprint model should be applied in modern GIR 
systems, and there will be much more geographical objects adhered to a single 
document. More detailed representation of geographical information contained 
in documents should also be applied rather than the simple MBR or points. So it 
is believed that the application of an efficient spatial index is vitally important 
for modern GIR, especially for those who adopt the multiple-geofootprint model. 
(Note: The time spent on loading the document vocabulary and geographical 
references of documents into memory is not included here, because the time 
spent varies among systems with different hardware configuration and even 
operating systems. In future, we will continue to ignore this part of time cost and 
focus on the process of indexing within the primary storage devices, i.e. 
memory.) 
(2) Keyword-Spatial Dual Index, KSDI 
In this case, both a keyword based fulltext index (e.g. the inverted files index) 
and a certain type of spatial index will be established respectively. Taking the 
inverted file fulltext index and the R-Tree spatial index for example, these two 
indices will be applied independently to the thematic scope and geographical 
scope respectively. Thus a special logical operator “AND” will be executed to 
merge the two candidate result sets into the final set. The process can be 
illustrated as the following figure (Fig. 5.20): 

  
Figure 5.20 Query processing in the KSDI aided GIR system 

The structure of the KSDI index is presented in the Fig. 5.21. Being different 
from the R-Tree in the pure spatial data management application, leafs of R-
Tree in GIR systems will refer to the documents who have geographical 
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references within the rectangular boundary of corresponding leafs. From the 
figure, it can be deduced that the storage overhead of KSDI will lie in three parts: 
(1) the storage for the inverted files index: ( )O N ; (2) the storage for R-Tree 
itself: ( )O M ; and (3) the storage for document references within the leaf nodes 

of R-Tree: 
1

( ( ))
=
∑
M

M
i

O D i , which will be much bigger than the total number of 

documents when there is more than one geographical reference within a single 
document, and also when there is much overlapping among the geographical 
range of geo-footprints. Hence the total storage complexity of the KSDI index 
structure will be: 

1
( ) ( ) ( ( ))

=
= + + ∑

M

M
i

S O N O M O D i . 

 
Figure 5.21 Structure of the KSDI Index 

Similarly, to analyze the time complexity of processing a GIR query with KSDI, 
the whole process can be divided into three steps: 
Step 1: Process the thematic part (TQuery ) of a GIR query with the help of the 

inverted files index. The same analysis of time complexity as the PKI 
could be applied for this step will be the same, and the candidate 
documents after this step is denoted as qD . The combination process of 
document lists, which are returned by the keyword-based search of 
query terms, could be reserved to proceed in step 3, together with 
document listed from the later spatial query. 

Step 2: Query on the R-Tree to find all the leaf nodes whose rectangular 
boundaries meet the spatial condition expressed in the spatial part of a 
GIR query. According to the properties of R-Tree, the time cost to 
search over a R-Tree having M  leafs will be at the level of ( log )⋅ RO R M , 
where R  is the average fan-out rate of internal nodes. After reaching the 



152 

leaf nodes, the GIR system still needs to sequentially validate each 
geographical reference within the documents under selected leaf nodes. 
Suppose there will be m  rectangles filtered out and hence result in n  
leaf nodes, the time complexity to do the further spatial validation will 
be ⋅ sp D , where the sD  denotes the set of candidate documents after this 

step. The number of documents in sD  will be 
1

( )
=
∑
m

M
i

D i . So the 

computational complexity of this step could be estimated as 
( log )⋅ + ⋅R sO R M p D . Considering the fact that p  and R  are constants, 

hence the estimation of computational complexity of second step could 
be deduced to be (log )+ sO M D .   

Step 3: Merge the two candidate document sets qD  and sD  to form the final 
result set. Normally, these two sets will be ordered by the document ids 
and the time complexity to merge these two ordered sets will be 

( )+q sO D D . In case there exists an extreme small document list within 

 

Dq  or 

 

Ds , the same binary search method as for PKI could be applied 
here in order to reduce the time cost of this combination process as 

(( ) log(max{ ( ), ( )}))+ ⋅ ⋅ K MO q m n D i D i , where min{ ( ), ( )}= K Mn D i D i . 

Thus, the total time complexity to complete a GIR query with KSDI will be 
estimated as the following equation (Equation 5.3): 

1

1

( log ) (log ( )) (log ) ( ) _
(1)

( ) (log ( )) (log ) ( ) _

( log ) (log ) (( ) log(max{ ( ), ( )}))
(2)

=

=

 ⋅ + ⋅ ∑ + + + +

 + ⋅ ∑ + + + +


⋅ + + + + ⋅ ⋅

q

K s q s
i

q

K s q s
i

s K M

O q K O q D i O M D O D D dictionary approach

O q O q D i O M D O D D hashing approach

O q K O M D O q m n D i D i dictionary _
( ) (log ) (( ) log(max{ ( ), ( )})) _


 + + + + ⋅ ⋅ s K M

approach
O q O M D O q m n D i D i hashing approach

  (5.3) 

Comparing to Equation 5.2, it can be noted that the difference of KSDI from 
PKI is in the spatial query processing and set combination part. Although the 
application of spatial indexing could greatly speed up the processing of a spatial 
query, for the single-geofootprint model with simple MBB as geographical 
representation of boundary, this improvement is not too significant. But 
considering the multiple-geofootprint model with dozens of geo-footprints per 
document, the advantage of a spatial query with R-Tree will be more notable 
than the sequential scan in reality.  
Although the KSDI might beat PKI in indexing performance, especially for a 
large document library using the multiple-geofootprint model, it introduces extra 
storage overhead. For the single-footprint model, the KSDI might be 
inappropriate because the improvement is limited. In KSDI, the two candidate 
sets of documents qD  and sD  are produced independently, and combined later. 
The processing of spatial query, which produces sD , has to be executed on the 
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whole document library. So it will cost more computational effort than 
pipelining them successively as it is in the PKI, because in PKI the spatial part 
of a GIR query only needs to be processed upon 

 

Dq , which is always much 
smaller than the whole document library. The pipeline of steps in a query 
processing using PKI could actually save quite a lot of processing time, since the 
processing of thematic query based on the inverted filed index could help the 
later spatial query processing avoid much irrelevant documents. This benefit of 
selecting qsD  out of qD  (PKI) rather than generating qsD  by combining sD  and 

qD  (KSDI) could be illustrated in the following figure Fig. 5.22. When the 
thematic query is selective (result in few documents) and there is only one 
geographical reference within a single document, the PKI has more potential to 
beat KSDI in the processing of GIR queries in reality. But for the multiple-
geofootprint model, KSDI still has the potential to be applicable. The reason is 
that while using the multiple-geofootprint model, there will be much more 
geographical references within the document library, and then the benefit of 
processing spatial queries aided by spatial indices can overweight that of 
pipelining the processing of spatial and thematic parts of a GIR query.  

 
Figure 5.22 GIR Query Processing in KSDI 

 (3) Spatial-Keyword Hybrid Index, SKHI  
First of all, a special type of spatial index (e.g. R-Tree family) is built upon all 
the documents based on their spatial extent. Then on each the leaf nodes, there is 
a pointer to the inverted file which thematically indices all the documents with a 
geographical reference within the boundary of this leaf node. A typical process 
of solving a query in GIR systems using SKHI will start with a spatial query as 
assisted by the spatial index to pick out all the candidate documents that are 
relevant to the geographic scope stated in user’s queries. After that, with the 
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help of inverted file index, all the occurrence tables of the candidate documents 
are loaded and examined against the thematic condition of given GIR query. 
Thematically irrelevant ones are discarded from the previous result set 
(generated by the processing of the spatial part of a GIR query). Taking the R-
Tree and inverted files index for example, the structure of the SKHI can be 
illustrated as the following figure (Fig. 5.23). 

 
Figure 5.23 The Spatial-Keyword Hybrid Index, SKHI 

Comparing the SKHI with the original R-Tree, one can easily see that the main 
difference between them is objects associated with leaf nodes. In the original 
pure R-Tree, the leaf nodes store pointers to those geometry objects whose 
boundaries are located within the rectangular border of the leaf nodes 
themselves. But in the SKHI, these pointers will refer to a relatively small 
inverted file, which thematically indices all the documents that have a 
geographical reference within the border of the associated leaf node. 
Comparing the PKI or KSDI, the storage complexity of this hybrid index will be 

( )

1 1
( ) ( ( ))

= =
+ ∑ ∑

MD mM

D
m j

O M O W j . The first part of storage is for storing an ordinary R-Tree, 

and the other part is consumed by the small inverted files associated with 

 

M  leaf 
nodes. Since the hybrid index is a special combination of spatial index and 
keyword based index, the storage overhead of SKHI will be quite close to 

( ) ( )+O M O N  for the single-geofootprint model GIR systems with little 
overlapping between documents’ geographical boundary. But while there exists 
much overlapping among geographical references of different documents, the 
required space for storing the SKHI indices could grow up to the level of 

( )⋅O M N . The worst case is that every document shows up under all the leaf 
nodes.  For GIR systems using single-geofootprint model, the worst case 
mentioned above is not very possible to happen. But for those GIR systems 
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using multiple-geofootprints model, the overlapping rate of documents’ 
geographical references are relatively higher, and the storage overhead for SKHI 
is more closed to ( )⋅O M N . This storage overhead is much higher than PKI 

( ( )O N ) and KSDI (
1

( ) ( ) ( ( ))
=

+ + ∑
M

M
i

O M O N O D i ).  

The process to complete a GIR query with SKHI could also be divided into and 
analyzed in the following two steps: 
Step 1: Process the spatial part with the R-Tree spatial index. As in the above 

analysis, the time complexity for this step will be estimated as log⋅ RR M . 
Since here the R  is a constant parameter of the R-Tree spatial index and 
is set before building a R-Tree, the time complexity of this step could 
then be measured to be at the level of (log )O M . 

Step 2: For each selected leaf node, load the associated inverted file into 
memory and then process the thematic part of the query with the 
inverted files sequentially. Suppose there are 

 

t  leaf nodes related to the 
spatial query, and the corresponding inverted file will have 

( 1,2, , )= iK i t  keywords. Then the total time cost of this step will be 

1
( log )

=
∑
t

i
i

O q K  (using dictionary approach) or 
1

( )
=
∑
t

i
O q  (using hashing 

approach) for each leaf. Combine results of thematic queries under each 
leaf to produce the final result. The time complexity of the combination 
operation is 

1
( )

=
∑
t

i
i

O D , where 

 

Di  is the candidate document sets from the 

thematic queries under leaf nodes. In case there exists a extreme small 
list among ( 1,2, , )= iD i t , the same binary search approach as that used 
in PKI could be used to combine these lists of documents, and the time 
of combination could be shorten to ( min( ) log(max( )))⋅ ⋅i iO q D D .  

While loading the associated inverted files into memory for the thematic 
validation, this process could be finished in two ways depending on the size of 
inverted files and system memory. In a GIR system with a relatively larger 
memory than the size of index, the whole index could be loaded into main 
memory at the beginning when system has started up. Otherwise, the index files 
should stay on disk, and are loaded into memory gradually when it is necessary. 
From the above analysis, the overall time complexity of SKHI will be: 

1 1
(log ) ( log ) ( )

= =
+ ∑ + ∑

t t

i i
i i

O M O q K O D                                         (5.4) 

Based on the two successive filters that are connected as a pipeline, the SKHI is 
supposed to perform better than the PKI and KSDI. No matter which filter 
comes first, the latter one will benefit quite a lot from the previous one and 
hence take less time to finish the query. This is one very important advantage of 
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SKHI or KSHI over the dual index. But sometimes the order of the two filters 
will matter in practice. In some cases, the thematic filter will discard more 
irrelevant documents and it should go first for better performance; while in some 
other cases, the spatial filter should go first, followed by the thematic filter.  
(4) Keyword-Spatial Hybrid Index, KSHI 
In contrast to KSHI, SKHI adopts an inverted style of index structure. A full-
text keyword based inverted file is built up first to index all the keywords and 
their occurrences within all the documents. After that, a series of spatial indices 
(e.g. R-tree) are created and placed between the Vocabulary and Occurrence to 
index the Occurrences according to their geographic approximation. Finally, the 
occurrence table will be divided into several smaller ones and put in the leaf 
nodes.  While answering the GIR query, the Vocabulary is taken into account 
first to find out all the possible documents. Then a spatial validation will be 
executed on all the related R-trees of candidate documents to form the final 
result set. 

 
Figure 5.24 The Keyword-Spatial Hybrid Index, KSHI 

The main difference between the pure inverted file index and the KSHI lies in 
the organization of document occurrences associated with each keyword. In the 
original inverted file index, the occurrence tables are always organized and 
sorted in the dictionary order or according to the frequency of this keyword in 
each document. But in the proposed KSHI, the occurrence tables are reorganized 
in R-Trees according to the geographical references in each document. But you 
can still easily get the old style of document occurrence tables by collecting the 
leaf nodes of the associated R-Tree. 
Similar to the SKHI, the storage overhead of KSHI can be estimated to be at the 
level of 

( )

1 1
( ) ( ( ))

= =
+ ∑ ∑

KD kK

D
k i

O N O M i . In this equation, the first page is for the storage 

of inverted files, and the latter part is assigned to the storage of a great number 
of small R-Trees for the documents having this keyword. Each R-Tree needs a 
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storage space that is related to the number of geographical references within 
each document. 
To complete a query with KSHI, the whole process can be divided into several 
steps and they are explained in detail as follows: 
Step 1: With the inverted file index, find out all the vocabulary that contained 

the keywords specified in the user’s query. Suppose there are q  
keywords in the user’s query, the time complexity of this step will be 

( log )⋅O q K  (using the dictionary approach) or ( )O q  (using the hashing 
approach), where K  denotes the number of keywords in the document 
library.  

Step 2: For each selected keyword, load the associated R-Tree to process the 
spatial part of the user’s query. Since there will be 

 

q  R-Trees, the 

computational effort spent will be 
( )

0 1
( ( log ( ( )))

= =
∑ ⋅ ∑

KD iq

R D
i j

O R M j , where 
( )

1
( )

=
∑
KD i

D
j

M j  means the number of geographical references within 

documents having the keyword j . Thus 
( )

1
( )

=
∑
KD i

D
j

M j  is the same as ( )KM j . 

So the time complexity of this step will be 
0
( ( log ( ))

=
∑ ⋅
q

R K
i

O R M j . 

Concerning the fact that R  is a pre-defined constant parameter of any 
R-Tree indices, the expression of time complexity estimation could be 
deduced to 

0
( (log ( )))

=
∑
q

K
i

O M j . 

Step 3: Merge the documents using one or several set operations and generate 
the final result. Suppose there are ( 1,2, , )= iD i q  lists of documents 
filtered out after the last step, the computational time will be at the level 

of 
1

( )
=
Σ
q

ii
O D . In some certain cases when there exists an extremely small 

list among iD , the same binary search applied in PKI could be used to 
do this job of combination, and the time complexity could be reduced to 
be ( min( )*log(max( )))⋅ i iO q D D . 

So the overall computational effort spent to process a GIR query with KSHI will 
be denoted as the following equation (Equation 5.5): 
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   (5.5) 

When combining the sets of documents from the R-Tree queries in KSHI, the 
logical operators in the thematic part of the query need to be maintained and 
applied in the combination process. For example, for a GIR query like “a OR b 
near KTH”, the combination will use the set operator of OR, while another GIR 
query like “a AND B near KTH” will require the set operator of AND to 
combine sets of candidate documents. 
Comparing the dual index, the use of the hybrid index could greatly reduce the 
number of documents to index before combining the candidate result sets. Since 
the thematic part and spatial part of a GIR query are processed successively, 
either the thematic part (KSHI) or the spatial part (SKH) goes first, and the 
second query only needs to deal with a small group of documents rather than the 
whole document library. But on the other hand, this advantage could also turn 
into a disadvantage with regard to the possibility of processing GIR queries in 
parallel.  If there is more than one CPU (which is very common in modern Web 
servers), the two parts of a GIR query could be processed separately and 
simultaneously in different CPUs, which could actually save some processing 
time. One more factor that is worthy of consideration is the implementation 
difficulty. Since most GIR systems are built as extensions of currently running 
IR systems, the extension won’t be helpful if it greatly affects the way 
conventional IR works. Taking the four kinds of proposed indices for example, 
the PKI and KSDI have almost no negative effects on conventional IR systems, 
and are always easy to implement. But the KSHI and SKHI will more or less 
change the original index for conventional IR systems, and thus bring some 
implementation difficulties.  A trade-off needs to be made with regard to these 
aspects. More discussion about how to make a proper trade-off will be provided 
in the following sections, for both the single-geofootprint model and the 
multiple-geofootprint model. 

5.3.2 Principles for choosing a proper indexing mechanism for 
GIR  
In our opinion, a good indexing mechanism for GIR systems should take the 
following aspects into account: 
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(1) Efficiency. It is obviously one of the most important things that should be 
taken into account while designing a proper index. This is after all why the 
indexing mechanism is introduced into the information retrieval systems.  
(2) Storage overhead. The improvement in efficiency is always achieved at the 
cost of additional storage overhead because indices will take up additional 
storage space in addition to the documents themselves. An index taking up too 
much storage space will actually slow down the whole system no matter how 
fast it would appear in theoretical analysis. The reason is: (a) loading large index 
increase the system start-up time, when it is possible to load the whole index 
into memory; (b) where the index is too large to be loaded into memory at once, 
it could only be loaded gradually when it is needed. So a balance needs to be 
maintained between the theoretical efficiency and the storage overhead, 
concerning the requirement of system performance and configuration of 
available system memory. 
(3) Operability. In addition to higher efficiency and lower storage overhead, a 
good index should also be easy to understand and implement. While the 
geographical information retrieval is always an extension to conventional IR 
systems, a proper indexing mechanism for it should avoid harming the current 
keyword based indices in use, and at the same time make good use of the 
existing one in a compatible way. 
As stated above, a good indexing mechanism does not need to be prominent in 
some of the three aspects, but needs to achieve a balance among all of them. 
From this point of view, among the four proposed indexing mechanisms in GIR 
systems:  

a) PKI is easy to implement but suffers from a low efficiency because of the 
sequential scan in the geographical scope, especially when there is far 
more than one geographical reference within a single document, and 
complex geographical approximation is applied. From the previous study 
on spatial query processing with and without spatial indices, it is believed 
that with the increase of candidate documents after a thematic query with 
PKI, spatial queries with sequential scanning will cost much more time 
than that of a proper spatial index. Additionally, for modern GIR in the 
WWW environment, there could be thousands of concurrent queries 
submitted and processed at the same time. Hence this problem might 
become severe.  

b) KSDI also enjoys the advantage of easy implementation and moderate 
efficiency. But comparing to PKI, it will take up more storage space to 
hold the two individual indices. Another problem of KSDI is that the two 
parts of a GIR query are processed independently. Many spatially 
irrelevant documents will be processed again while processing the 
thematic query. Similarly, most thematically irrelevant documents will 
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also be searched and validated during the spatial query. A better way 
could be to set up a bridge (e.g. KSHI and SKHI) between these two 
indices. For the single-geofootprint model, the KSDI is not that necessary 
because there will be relatively fewer geographical references to process 
than the keywords.  In this case the PKI or some kind of simple hybrid 
index could be applicable. While for the multiple-geofootprint model, 
there will be tens or even more of geographical references within a single 
document, and then efficient processing of spatial data management and 
query processing will become vitally important. Concerning the 
complexity of geographical references in GIR systems using the multiple-
geofootprint model, the KSDI has great potential to help them speed up 
data management and query processing, especially with the development 
of SDBMS technologies. No matter either single-geofootprint model or 
multiple-geofootprint model is adopted, binary search method could be 
applied in the query processing using KSDI, as has been explained before. 

c) Both SKHI and KSHI should gain more efficiency in the process of 
information retrieval, but neither of them is good at reducing the storage 
overhead and maintaining the existing keyword-based index structure. As 
demonstrated before, both SKHI and KSHI will demand much more space 
than PKI and KSDI in reality, especially when there are much overlapping 
between geographical references of documents. The importance to 
maintain existing keyword-based index structure lies in that fact that 
sometimes the GIR systems will actually act as conventional IR systems 
to process merely thematic queries. Hence the hybrid index might affect 
the way that the keyword-based indices are used, and possibly harm the 
performance of thematic query processing. Rather than R-Tree, if a better 
integration of a spatial index and an inverted file index could be made, it 
is believed that the hybrid index could have the possibility to behave 
better than both the PKI and KSDI in both the processing of pure thematic 
queries and typical GIR queries.  

5.4 Indices for the single-geofootprint model and 
evaluation 
For the single-geofootprint model, there will be only one geographical reference 
adhered to a single document. In other words, there will be relatively fewer 
geographical references than for the multiple-geofootprint model. In order to 
improve the performance of GIR systems in query processing, a special hybrid 
index is proposed in this paper, based on inverted file which is the most popular 
keyword-based indexing mechanism nowadays, and the space-filling curve 
(SFC). SFC provides an approach to map high-dimensional space into one-
dimensional space. Proximity in high-dimensional spaces could then be 
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converted into close numbers. Thus, a binary search could be applied to aid the 
space-filling curve in speeding up the processing of spatial queries.  

5.4.1 The structure of proposed KSHI based on inverted file 
index and SFC  
The new hybrid index for GIR tries to use a certain type of space-filling curve to 
assign a linear label to each document according to its geographic scope. Then 
such labels will be inserted into the occurrence table of an inverted file as a 
spatial attribute for the documents. As a result, this new hybrid index has nearly 
the same structure as a normal inverted file. The difference lies in the fact that 
each document in the occurrence table will be referenced by two tags together, 
the Document ID and Geographic ID, as shown in the following figure (Fig. 
5.25). In order to speed up the spatial search, the corresponding occurrence table 
for each keyword could be rearranged according to the geographic id of each 
document in B-tree or alphabetical order. 

 
Figure 5.25 Structure of the new hybrid index based on SFC and inverted file. 

Obviously, this new hybrid index for GIR is quite easy to implement into 
modern IR systems based on inverted files. Because structurally it only 
introduces a single geographical id (numerical field) to traditional inverted file, 
the same file organization and compression approaches of inverted file could be 
applied without any overhead here. Concerning the storage overhead of indices, 
it will also be as small as ( )O N .  

Although the SFC could not provide an efficient spatial index, integration of 
SFC and inverted file could still benefit the processing of GIR query. The reason 
is that, in PKI, without the SFC spatial index (as encoded in GeoIDs in Fig. 
5.26), a sequential scan need to be applied after the thematic part of a GIR query 
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has been processed to examine each of the thematically relevant document to see 
whether it also meets the spatial condition. During this process, for each 
thematically relevant document, its geo-footprints should be accessed and 
geographically compared with the spatial predicate within the spatial part of the 
given GIR query. This process demands a lot of time to achieve, especially 
when there are many geo-footprints within a single document or a complex 
geographical approximation (e.g. convex hull, polygon, etc.) of documents’ geo-
footprints is adopted. But with the help of GeoIDs that represent the SFC 
encoded geo-footprints within a single document, many of such heavy 
geographical comparison could be avoided. Simple numerical comparison or 
string match (depending on which encoding schema is applied in SFC) will be 
executed first, serving as a filter. Those documents, which are obviously 
irrelevant to the spatial condition, will be clear away, before the refinement 
operation. So we can say that comparing to PKI, such a KSHI combining SFC 
and inverted file index is always faster in processing a GIR query. Another 
advantage of integrating SFC with inverted file is the simple structure of this 
hybrid index structure, with almost the least modification to the existing inverted 
file index. As a result, usual IR queries (without any spatial condition) could be 
processed easily and quickly in a GIR system using such a hybrid index 
structure, and the way to do it is exactly the same as that used in conventional IR 
systems. Furthermore, the storage overhead introduced by the SFC spatial index 
to the existing inverted file index is obviously quite small. So such a keyword-
spatial hybrid index integrating SFC and inverted file structure could be viewed 
as an attempt to find a balance among indexing performance, storage overhead 
and implementation difficulty. 

5.4.2 The Z space filling curve: structure and encoding 

 
Figure 5.26 Z space filling curve and the process to determine the numeric id for each grid 
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In order to illustrate the process on how to use this hybrid index to speed up the 
spatial query processing in GIR systems, the Z filling curve will be adopted in 
the following parts as well as the experiments of this chapter. The Z filling curve 
is not only good at maintaining spatial proximity but also easy to implement in 
an experimental environment. Various encoding schemas could be applied to 
linearly encode the cells in 2D spaces through the Z space-filling curve order (as 
shown in the following figure).  By using the Z SFC, the spatial queries in 2D 
space could be converted into linear comparison of either strings or numbers in 
1D space. Hence, the processing of spatial queries could be faster than the 
sequential scan.  
Regarding the encoding schema of the Z space-filling curve, two approaches are 
proposed here, both of which are based on the quadrant decomposition of 2D 
space: string encoding and integer encoding.  
(1) String Encoding: as shown in the figure (Fig. 5.27), each cell in the quadtree, 
which decomposes the whole 2D space of all geometric objects, will have a code 
in a string of text denoting the path from the root of the quad tree to the node 
representing the corresponding cell. For any given geometric object, its string 
code along the Z space-filling curve order will be the code of the smallest cell 
that contains the geometric objects. Since in a real application, there could be 
geometric objects covering various geographic regions, which might be encoded 
by cells in different levels. In the following figure (Fig. 5.27), the object A and 
object B have the some code but actually they cover totally different regions of 
geographic space. This problem is caused by the missed string code of the root 
(where grid level equals to 0). 

 
Figure 5.27 Examples of string encoding for ZSFC cells 

In order to solve this problem, the original encoding schema is modified to be 
the following (Fig. 5.28). The revised encoding method is starting from 1 to 4 
for the four quadrants, and the root is encoded as 0. In this new encoding system, 
the object A will have a code of “0”, the object B’s code will be “1”, and the 
code for object C is “41”. In this way, we can provide each cell, whichever grid-
level it is located in, with a unique code of string along the Z space-filling curve.  
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Figure 5.28 Revised string encoding for ZSFC cells 

The process to calculate the code of Z space-filling curve for a given geometric 
object P could be completed as shown in the following codes. The recursive 
invoking of function _EncodeInternal is the main part of this process to 
decompose the 2D space into quadrants recursively.  

Function Encode (Geometry P) 

      Set g as the whole 2D space of all geometric objects; 

      Set s as the string variable to store result of encoding; 

      Execute Function _EncodeInternal(P, g, s); 

      If (s == “”) // empty string means root 

            S = “0”; 

      Return s; 

End Function 

Function _EncodeInternal (Geometry P, Grid g, String s)  

      Grid g1 = g.NWSubGrid(); // get the north-west sub grid 

      Grid g2 = g.NESubGrid(); // get the north-east sub grid 

      Grid g3 = g.SWSubGrid(); // get the south-west sub grid 

      Grid g4 = g.SESubGrid(); // get the south-east sub grid 

      if(g1.contains(P)){ 

            s.append(“1”); 

            _EncodeInternal(P, g1, s); // Recursively Invoking 

      }else if(g2.contains(P)){ 

            s.append(“2”); 

            _EncodeInternal(P, g2, s); // Recursively Invoking 

      } else if(g3.contains(P)){ 

            s.append(“3”); 

            _EncodeInternal(P, g3, s); // Recursively Invoking 

      } else if(g4.contains(P)){ 

            s.append(“4”); 

            _EncodeInternal(P, g4, s); // Recursively Invoking 

      }       

End Function 



165 

Due to the limitations of all space filling curves, only part of the spatial 
adjacency will be maintained in this space filling curve based spatial indexing of 
geometric objects. For the Z space filling curves, only the spatial adjacency 
among cells of different levels could be maintained, while the spatial adjacency 
among cells of the same level could not. In this string based encoding schema, 
the spatial adjacency is represented in the common part of two string codes. 
From the Fig. 5.30, the cell 4 contains all the cells whose codes start with “4”, 
and the cell 2 contains all the cells whose codes start with “2”. This spatial 
relationship of containment among cells of different levels remains as the 
common prefix of string codes of cells. But for cells of the same level, such as 
cell “24”, “31”, and “42”, no spatial relationship could be stably maintained 
because you cannot make any spatial prediction from the pattern of string codes 
for cells within the same level.  

 
Figure 5.29 Spatial adjacency maintained in ZSFC encoding 

Hence, the following rules could be concluded about the Z space-filling curves 
using a string based encoding schema:  

(1) Except for the root cell, the length of string codes denotes the level of 
cells. For the root cell, the level equals 0. 
(2) Every child of a given cell will have a string code with the father’s string 
code as prefix. This implies that if the code of geometric object A is a prefix 
of the string code of another object B, then it is safe to say that object A 
contains object B.  

According to the above analysis, the Z SFC using a string based encoding 
schema could be used to index both points and rectangles. The processing of 
containment queries could be sped up by discarding the irrelevant objects ahead 
of time from the string matching of Z SFC codes. Point queries could also 
benefit from this indexing structure. The dictionary index could be established to 
ease this string matching. More discussion about query processing using KSHI 
of inverted file and Z SFC will be explained in the coming section.  
 (2) The Numerical Encoding: If the code for cells could be represented as 
comparable numbers, then a B-Tree index could be established to speed up the 
spatial query processing. Spatial queries in 2D spaces could be simplified to 
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range queries in linear space. Examples of the numerical encoding for the Z SFC 
proposed in this paper are illustrated in Fig. 5.30. As shown in the figure, the 
numerical encoding is running along the Z space-filling curve. 

 
Figure 5.30 Examples of string encoding for ZSFC cells 

Suppose the array 0 1 3 1{ , , ,..., }−= ncodes c c c c  is the codes of a given cell C calculated 
according to the original coding schema shown in Fig. 5.31. Then ic  could be 0, 
1, 2 or 3. Given the code array, the numerical value of this code could be 
calculated using the following equation: 
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following figure (Fig. 5.31), an example of this process can be found: 

 
Figure 5.31 Detailed example of string encoding for ZSFC cells 

With the numerical codes, a B-Tree could be established to speed up the range 
queries converted from window queries or point queries in 2D space. More 
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details about the processing of spatial queries using numerical encoding of Z 
SFC will be explained in the next section.  

5.4.3 Query processing based on the proposed KSHI 
Typically, the whole process of solving a GIR query can be divided into three 
steps:  

1) Find out the q  keywords that users provided in their queries through the 
Vocabulary, and then load their corresponding Occurrence tables into the 
RAM. 
2) From the Occurrence table of each keyword, pick out those documents 
that are coincident with the user’s requirement in geographical scope 
according to their geographic id. Since this step is a coarse filtering, the 
next step should be a refinement.  
3) Refine and merge the result sets to form a final one. Examine the 
geographical scope of candidate documents to see if they really meet the 
geographical requirement specified in the users’ queries. 

Among these three steps, the first and the third are common to conventional IR 
systems. What is more important for a GIR system is how we can make use of 
the geographic tags on each document to speed up fulfilling the user’s 
requirement in the geographic scope. This procedure can be achieved by 
following the three sequences listed below.  
(1) Convert the window search in high dimensional space into simple range 
filters in a single linear axis. The number of such filters could be more than 
one because in reality all space filling curves can only maintain the spatial 
proximities to a certain degree. Taking the Z space filling curve for example, 
more proximity between one higher level and its corresponding level could be 
maintained, while the status between grids of the same level tends to be not so 
satisfactory. So a special procedure needs to be adopted to introduce more range 
filters for a single window search in order not to miss any important candidates. 
The containment spatial query, for instance, will be used in the following text 
about how to convert window queries in 2D space to range queries in linear 
space. 

 
Figure 5.32 Conversion of window queries to range filters in a string encoding schema 
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For the string encoding of Z SFC, to convert the containment query of the red 
box in the above figure into string matching, the following steps could be taken, 
for any given query box of Q.  

(a) If Q disjoints with the overall boundary of all geometric objects, then the 
string for matching in later steps will be null. 
(b) If Q intersects with the overall boundary, compute the intersection region 
Q’. Compute the string code of Z SFC for Q’ and save it to string s for the 
future use. 
(c) If Q is contained by the overall boundary, compute the string code of Z 
SFC for Q and save it to string s for the future use.  

After these three steps, a string s could be obtained and this conversion will take 
( )O g  time to finish, where 

 

g is the number of the grid level. For example, in the 
figure, the red box will be converted to string “3”. Then the GIR query of 
looking for something within the box Q could be converted into the combined 
expression of “something AND geoid.startwith(s)”. Since as a text string, the 
geographical id will always be indexed in the dictionary order, so the query of 
prefix matching will be completed in ( )O D , where D  is the number of 
documents in the library. Compared with the sequential scan, this filter based on 
the geographical id could to some degree reduce the numbers of documents that 
are passed to the refinement process. 
For the numerical encoding of Z SFC, this process is a little bit more complex. 
However, it could also be solved with the following three steps. 

(a) If the geographical requirement of user’s query Q disjoints with the 
overall boundary of all geometric objects, it means none of the documents 
are relevant in the geographical scope. 
(b) If Q contains the overall boundary, it means all documents are relevant in 
the geographical scope. 
(c) If Q intersects the overall boundary, add a new range filter of [0, 0] and 
save to the array of all filters. Then for each quadrant of overall boundary, 
do the following 3 steps, which are similar to (a), (b) and (c).  

(c.1) If Q disjoints with the current quadrant, continue with the next 
quadrant. 
(c.2) If Q contains the current quadrant, add the code of the current 
quadrant to the range filters, as well as the code ranges of all the possible 
sub-cells of the current quadrant. 
(c.3) If Q intersects the current quadrant, add the code of the current 
quadrant to the range filters. Then for the sub-cells of this current 
quadrant, do the same steps from (c.1) to (c.3) recursively. 
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As stated above, we can estimate that the time complexity for this step will 
reach the level of (4 )gO  where g  is the number of grid levels for this Z SFC, 
because there are at most three quadrants intersecting the query window and one 
quadrant within the query region. Each of these four quadrants will need an 
additional recursive operation. Taking Fig. 5.33 for the example, the window 
query of the red box could be converted into range filters of 
[0] [1] [2] [3] [4] [8] [11] [12] [14] [16] [17,20]or or or or or or or or or or .  

 
Figure 5.33 Conversion of window queries to range filters in a numerical encoding schema 

(2) Apply the range filters based on the Occurrence tables. Generally, the 
Occurrence tables are rearranged in B-trees or dictionary order. So a quick 
binary search could be applied based on the B-trees and the average time 
complexity for this step will be at the level of ( log )⋅O r D  where r  is the average 
number of range filters for a single window search, and 

 

D is the average length 
of the Occurrence table for a certain keyword.  
For the string encoding schema, the r  will always be 1, while for the numerical 
encoding schema, r  is related to many factors, such as the distribution of 
documents in the geographic space, g  the minimum level of grids in the Z space 
filling curve. Usually, a bigger g  is likely to bring a bigger r . 

(3) Refine and merge the candidate results. Unlike the R-tree family, the Z 
SFC uses a coarse rectangle, which is the minimum grid that can hold a real 
boundary as the index value for each document. As a result, the over-estimated 
result set needs to be refined. Ordinarily, the bigger g  is, the more accurate the 
boundary of each document is. This promises to produce more accurate result 
sets and exclude more irrelevant items. Practically, the refinement is not 
compulsory at the query stage and could be integrated into the procedure to 
calculate the relevance between the user’s query and the candidate documents, 
which could actually improve the performance of the whole system. 

5.4.4 Comparison of string encoding and numerical encoding 
The string encoding of Z SFC will end with a single string prefix for later 
matching. Compared to the numerical encoding, the string prefix will include a 
larger region for the later refinement process. The numerical encoding provides 
more precise range filters, but the number of range filters will also be larger. For 
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example, in the following figure (Fig. 5.34), these two encoding schemas will 
have different regions of relevance. 

 
Figure 5.34 Comparison of string encoding and numerical encoding schema 

But on the other hand, the string-encoding schema is relatively simpler than the 
numerical encoding, both in the encoding process and in the process of 
converting window queries to range filters.  
Concerning the ability of dealing with spatial queries, although the Z SFC is best 
for window queries (both containment and intersection), both of them could be 
extended to point queries. When dealing with point queries, a small buffer could 
be established by adding the neighboring cells of the same level to include more 
potential candidates.  

 
Figure 5.35 Distribution of geometric objects 

In practice, the choice between two different kinds of encoding schema will be 
affected by the geographical distribution of documents. For the skewed 
distribution of geographical objects, the numerical encoding could be faster, 
because it will reduce the number of irrelevant objects to be dealt with. The 
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string-encoding schema is so coarse that it might include quite a lot of irrelevant 
objects. But for equally distributed geographical objects, the string encoding 
schema might be more efficient due to its simplicity in encoding and converting 
window queries to range filters. 

5.4.5 The performance and grid level g 
The number of grid levels g  is another factor that might affect the performance 
of this hybrid index. A larger grid level g  will give more precise decomposing 
of the whole 2D space, and hence a more precise reference for each cell.  
But the larger g  will also have its drawbacks. For the string-encoding schema, 
the bigger g  means larger string codes. Hence, it will take longer time to encode 
a cell with Z SFC order, and require extra storage spaces to save these codes. It 
will take relatively longer to finish the prefix-matching task. For the numerical 
encoding schema, more time will be needed to compute codes given the larger 
grid level. More refined range filters will also be needed in this circumstance 
when converting a window query into range filters. These refined range filters of 
larger quantities will definitely take more time to finish in the B-Tree query.  
So the relationship between the performance of this proposed hybrid index and 
the grid level g  is not straightforward and marginal effects may be found 
between them. The optimal choice of grid level g  could be found 
experimentally.  

5.4.6 Experiment and evaluation of the proposed KSHI 
 Experiment Task 
The aim of this experiment is to evaluate the performance of proposed KSHI 
combining inverted file and B-tree indexed Z-Space Filling Curve 
(ZSFC+BTree), in a comparison with other important types of indices described 
above.  
The performance of ZSFC+BTree is greatly related to the level of grids, which 
are used to partition the whole space for z-space filling curve spatial index. This 
experiment also showed the relationship between the performance of 
ZSFC+BTree and the level of grids. The approach applied in this experiment 
could also be viewed as a practical guideline on how to find out the best level.  
 Experiment Design 
Two special experiments are devised and carried out as the case study in this 
part. To be simplified, the string-encoding schema is adopted in the evaluation 
study. One experiment is to evaluate the efficiency of the new approach 
proposed in this paper, comparing it with a typical PKI, another SKHI index, 
and three KSDI indices. The other experiment tried to find the best 

 

g - the grid 
level of the ZSFC+BTree. 
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Experiment A: Performance Comparison of Different Indices for GIR: In order 
to study the performance of proposed KSHI based on inverted file and 
ZSFC+BTree, several important PKI, SKHI and KSDI are evaluated and 
compared with the proposed KSHI index. By measuring the total processing 
time of 100 typical GIR queries for each index being investigated in this 
experiment, the performance of these indices for GIR could be quantified and 
compared. For each type of index, the relationship between total processing time 
and magnitude of document library could also be revealed, through executing 
the same 100 GIR queries upon a serial of document libraries with different 
number of documents to retrieve information from.  In addition to the 
ZSFC+BTree and inverted based KSHI, the other GIR indices to be investigated 
in this experiment are: (a) PKI: pure keyword based index implemented using 
the inverted file of Lucene Java; (b) SKHI: spatial-keyword hybrid index based 
on the R-Tree spatial index and a serial of inverted files for documents under 
leaf nodes of R-Tree; (c) Three KSDI: KSDI incorporating QuadtTree with 
inverted file, KSDI incorporating R-Tree with inverted file, and KSDI based on 
ZSFC+BTree and inverted file. We will measure the performance of these 
mentioned GIR indices in processing GIR queries and how they vary with the 
growing magnitude of document library to retrieve information from. 
Experiment B: Marginal Effect of Grid Level g: By plotting the total processing 
time against the various levels, marginal effect within the relationship between 
indexing performance of ZSFC+BTree and the level of grids for partition could 
be discovered in this plot. Then the best level for ZSFC+BTree index with best 
indexing performance could be figured out.  
 Experiment Platform and Environment 

 Both of these two experiments are implemented and performed in a small 
prototype system, which is built based on the Lucene (Java), JTS library, 
Java Spatial Index Library using Java programming language. The 
configuration of experiment environment is the same as that of the 
experiment for keyword-based index (see Table 5.1). The experiments for 
proposed KSHI are executed basing on the implementation work in 
experiments for keyword-based and spatial indices plus some extra work 
to implement the hybrid indices and merge results in KSDI indices.  

 The original structure of JSI R-Tree is modified to host an inverted file 
structure at the each leaf node of the tree. By doing this, a spatial primary 
hybrid index is implemented by combining the R-Tree spatial index and 
inverted files. The spatial part of a GIR query is first processed using the 
R-Tree to find affected leaf nodes. Then the thematic part of query is 
processed under each affected leaf node using the adhered inverted file 
data structure. 
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 The proposed KSHI based on ZSFC+BTree and inverted file is 
implemented by introducing a new string field named “geotag” in the 
original inverted file structure. While indexing the textual content of 
documents used in this experiment, each document is assigned with a 
random chosen geographical footprint (could be a point, a rectangle or a 
polygon). Then the geotag of each document is derived using the ZSFC 
encoding result of assigned geometry. More specifically, the geotags are 
stored as string values and indexed in the dictionary order. Finally, this 
modified inverted file is stored on index and later loaded into memory to 
process GIR queries. When processing a GIR query, the thematic part of 
the query is expressed as a keyword query expression in Lucene, and the 
spatial part is represented as connected filters in a conjunctive or 
disjunctive way. The final query consists of both the keyword query 
expression and its related filters.   

 Experiment Dataset 
Similar to the previous experiments, there are 19 sets of document libraries are 
prepared for this experiment. These document libraries respectively contain 
1000, 3000, 5000, 7000, 9000, 11000, 13000, 15000, 17000, 20000, 23000, 
26000, 29000, 32000, 35000, 40000, 45000, 50000, and 55000 documents. The 
geographical footprints of these documents are generated in a random way 
within the 2D space of X [0,100000] Y [0,100000]= = . Each document in the libraries 
is assigned with a randomly chosen geometry as its geographical footprint. 
Three types of geographical footprints are prepared: points, rectangles and 
polygons, for the evaluation of various spatial indices’ performance, which 
might be affected by the type of geometry used to represent documents’ 
geofootprints.  
The reason why manually created geometries are assigned to documents as their 
geographical footprints comes from the following considerations. One reason is 
that it is relatively difficult to correctly extract descriptive geographical 
information from textual document. A gazetteer of good quality is always 
necessary to help with the extraction and mapping from names to regions on 
map. Special effort is needed to implement a good algorithm for the recognition 
of geographical information from various kinds of textual representations, 
including place names, addresses, zip codes, telephone codes, etc. Another 
reason comes from the consideration that the main purpose of this experimental 
work is to evaluate the performance of proposed GIR indices in processing 
queries, rather than to assess the correctness and accuracy of results from the 
GIR queries processing. Through carefully designed algorithms, it is ensured 
that all the proposed indices should return equivalent results given the same GIR 
queries.  
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100 GIR queries are prepared and executed for each document library. Each 
GIR query consists of two parts: (a) the thematic part containing one keyword 
for textual search, and (b) the spatial part containing a geo-object and a spatial 
predicate, which could be “nearest to”, “contained by” or “intersects with”.   
The experiment result is shown in the following charts.  
 Experiment Result and Discussion 
Experiment A: Performance Comparison of Different Indices 
 

 
Figure 5.36 Single-Geofootprint Model Index Performance (1): comparison of different 

indices 

The above figure (Fig. 5.36) depicts the result of an evaluation study on the 
performance of various indices in processing GIR queries on a library of 3000 
documents, whose geographical footprints are represented as points. Five 
indices are studied here; they are: the Pure Keyword Index (PKI), the spatial-
keyword hybrid index of inverted files and R-Tree (SKHI_Rtree), the keyword-
spatial hybrid index of Z SFC and inverted file (KSHI_ZSFC), and the two dual 
indices of KSDI_STR-Tree and KSDI_QuadTree. According to Fig. 5.36, PKI is 
the slowest, and the two hybrid indices are the fastest. What’s more, the 
advantage of the hybrid index over the PKI and KSDI becomes even bigger with 
the growing of number queries. This indicates that such an advantage is steady 
and really exists. Compared to the SKHI_Rtree, the proposed hybrid index of Z 
SFC and inverted files is not as good, because the R-Tree spatial index provides 
nearly optimal performance of spatial queries processing, especially when there 
is no overlapping among internal nodes (since we use points as the document 
geofootprints). But the SKHI_Rtree will greatly change the indexing file 
structure, and might not be appropriate for building a GIR system based on an 
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existing conventional IR system. The PKI is far slower than all the hybrid and 
dual indices and will not be applicable for the processing of GIR queries in 
reality.  Hence, it can be concluded that the proposed hybrid index of inverted 
file and Z SFC shows the most potential indexing technologies for GIR systems 
using the single-geofootprint model.  
To be more precise, some other experiments are carried out to study the 
performance of various kinds of indices with a growing number of documents in 
library. The following figure (Fig. 5.37) shows the performance curve of each 
index by their average time cost per containment query in different document 
libraries: 1000, 2000, and 3000 documents. It can be inferred from the following 
figure that the performance of PKI degrades (the average processing time 
increases) fast with the growth of document library size. But the curves for dual 
and hybrid indices look more steady (less steep), which indicates that they will 
remain faster than the PKI index as the document library grows larger. With a 
logarithmic or linear complexity of spatial queries, hybrid indices performed the 
best in this experiment, a fact that coincides with previous analysis on spatial 
indices.  

 
Figure 5.37 Single-Geofootprint Model Index Performance (1): comparison of different 

indices by average time cost 

The representation of geographical footprints could also affect the performance 
of GIR queries processing for different indices. The following figure (Fig. 5.38) 
presents a similar experiment to that of Fig. 5.36 and Fig. 5.37, but replaces the 
point representation of documents’ geofootprints with rectangles. Such 
replacement will increase the overlapping areas of geographic objects, and will 
hence slightly affect the performance of some spatial indices and change the 
relative position of the affected GIR indices in the performance competition of 
GIR queries processing. The most significant difference between Fig. 5.37 and 
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Fig. 5.38 is that the KSHI_ZSFC performs better than the SKHI_Rtree. The 
reason could be that the overlapping of geographic objects degrades the 
performance of R-Tree in spatial query processing, but such overlapping does 
not affect the proposed Z SFC and inverted file based hybrid index.  

  

  
Figure 5.38 Single-Geofootprint Model Index Performance (1): comparison of different 

indices with point objects 

From the experiments and analysis in the above text, it can be concluded about 
the performance of the proposed hybrid index KSHI_ZSFC that it is useful for 
the indexing of GIR systems, especially for the single-geofootprint model. 
Although it is not always the fastest indexing approach, it reaches a good 
balance between performance and modification of index data structure.  
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Experiment B: Marginal Effect of Grid Level g 
As has been analyzed in the above section, a marginal effect might be found 
between the performance and the grid level g . This experiment aims to find out 
the optimal g  in the Z SFC and inverted based hybrid index for GIR systems. 
5000 queries are processed on a library of 3000 documents with KSHI_ZSFC 
using different grid levels. The experiment result is illustrated in the following 
figure (Fig. 5.39). It is noted that a marginal effect exists between g  and 
indexing performance. The retrieval time will decrease with the growing of g  
before it reaches a certain optimal value. After that, the retrieval time will 
increase again. Thus the best g can be estimated from this kind of experiment. In 
the following experiment, the optimal value of g  is 8. 

 
Figure 5.39 Marginal effect of grid level g 

5.5 Indices for multiple-geofootprint model and evaluation 
For GIR systems using the multiple-geofootprint model, there will be more than 
one geographical footprint within a single document. Hence, the proposed 
KSHI_ZSFC index is obviously not applicable here.   

5.5.1 Indexing mechanisms for the multiple-geofootprint model 
Concerning each kind of the proposed GIR indexing mechanisms, the following 
discussion is on the difficulties and advantages of applying them in GIR systems 
using the multiple-geofootprint model.  
(1) The Pure Keyword Index (PKI) 
Using the PKI index, the GIR will first solve the thematic part of a GIR query 
and get a preliminary set of candidate documents that meets the user’s 
requirement in the thematic scope. Subsequently, each candidate document in 
this preliminary set is geographically examined sequentially to see if any of its 
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geographical footprints meet the user’s requirement in the geographical scope. 
With regard to these two steps, the first one is inevitable and common for all 
indices, but the second step of query processing using PKI might be quite slow 
when there are a large number of candidate documents meeting the thematic 
requirement and many geographical footprints within a single document. As for 
the study of spatial index performance with growing of numbers of geographical 
objects, the sequential scan will take far longer than the spatial based scanning. 
And the advantage will become more significant, when the geographical 
footprints are encoded in more complex geometric objects rather than simple 
ones like the centroid or MBB, because for complex geometric objects the 
operation to examine the containment or intersection relationship between 
objects will be more time-consuming.  
The advantage of PKI is its simplicity and that it does not change the index data 
structure of conventional IR systems. But PKI will rely on efficient spatial data 
storage and access when it starts the sequential scan on the geographical 
footprints of candidate documents. Hence the spatial data management will also 
affect the performance of PKI. Files or databases could be used to store spatial 
data without any spatial index (Fig. 5.40), but the B-Tree index could be 
established to speed up the spatial data access by the document id.  

 
Figure 5.40 Data structure of inverted files and geofootprints 

(2) The Keyword-Spatial Hybrid Index (KSHI) or the Spatial-Keyword Hybrid 
Index (SKHI) 
Although the Z SFC and inverted file based hybrid index is quite proper for GIR 
systems using the single-geofootprint model, it is not appropriate here due to the 
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limitation of spatial index storage for each document. Since only one spatial 
index value is allocated for storing the geographical reference of each document, 
the KSHI_ZSFC cannot provide good support for the multiple-geofootprint 
model.  
Because of the multiplicity of geographical footprints within a single document, 
applying the keyword-spatial hybrid index will have the following consequences 
(see Fig. 5.41 for a more detailed explanation).  

 
Figure 5.41 Problems of hybrid indices for the multiple-geofootprint model 

(a) Variant length of geographical section: if applying the Z SFC spatial index 
for the multiple-geofootprint model, the number of geographical ids varies 
from one to tens. And the length of the inverted list will be variant, which 
could to some degree degrade the performance of the inverted file index.  

(b) Swelling inverted file structure in size: either embedding a Z SFC index or 
an R-Tree, the hybrid indices will definitely change the inverted file 
structure, especially when the changes are not uniform among different 
documents. And the size of the inverted file could grow much larger when 
there are on average tens of geographical references within a single 
document. Multiple geofootprints within a single document will also 
increase the possibility of overlapping between geographical references of 
documents, which could thus result in a hybrid index of larger size (since 
overlapped documents might appear under several nodes). A larger inverted 
file will increase the time spent on loading the inverted data file into 
memory, and hence degrade the performance of the inverted file index itself. 



180 

(c) Possible duplicated data: it is very common that a document might appear 
many times within the inverted list, because it might contain multiple 
keywords. The consequence of this problem is that the spatial indices for 
each document will also be duplicated within the inverted file, and this 
problem will be more notable when they have multiple geofootprints.  

As stated above, the hybrid index will change both the structure and size of the 
inverted file index, which is widely applied in conventional IR systems. Such 
change will definitely harm the indexing performance of inverted file index to 
some degree, while processing common IR queries or the thematic parts of GIR 
queries. After the keywords, which could be indexed using either by dictionary 
or hashing approach, have been found and then lists of documents need to be 
extracted and merged to generate the final result. But in the occurrence table of a 
inverted file index, there are always more than just a document id.  More 
information about the occurrence of certain keywords in each document is also 
included in the occurrence table, such as the frequency of occurrence and the 
location in document of each occurrence. The documents in the occurrence table 
could also be sorted in a descend way by the frequency of occurrence, so that the 
first document come out in the result will have the most occurrences of certain 
keywords, by which most users will regard such documents as the most relevant 
answers to their queries. Given an occurrence table with a known structure and 
fixed length, it is relatively less costly of I/O to generate the list of relevant 
documents, regarding a given keyword to search with. The reason is that when 
the first document id is found, the next one could be easily found by jumping 
over a certain (fixed) length of bytes and read some bytes of data (which tells 
the location of next document id in the list). But when there are irregular 
numbers of GeoIDs introduced by KSHI of inverted files and SFC, the process 
to generate the list of relevant documents demands some more effort than that 
uses merely pure inverted files. Additional I/O operations need to be made to 
know the length of data to skip from one relevant document to the next. These 
additional operations will bring extra overhead to the processing of GIR queries, 
and hence result in degradation of indexing performance. The degradation of 
indexing performance will be more severe when the number of geographical 
footprints within a single document is large, because it will increase the amount 
of data needed to be loaded into memory and processed. However, with a small 
number of geographic objects, the KSHI might still have the potential to be 
adopted as an indexing mechanism for GIR systems using the multiple-
geofootprint model.  
KSHI will also rely on efficient spatial data storage and access, when it starts the 
refinement process based on the geographical footprints of candidate documents. 
Files or databases could be used to store spatial data without any spatial index, 
and similarly, the B-Tree index could be established to speed up spatial data 
access by the document id. 
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(3) The Keyword-Spatial Dual Index (KSDI) 
The dual indexing mechanism will establish two individual indices, the inverted 
file index for processing the thematic query and the spatial index for processing 
the spatial query. The advantage of KSDI is the minimal modification to the 
inverted file index because the two indices are built and stored separately and 
used independently. In addition, applying dual indices could also improve the 
performance of GIR queries processing, as discussed before, especially for a 
large document library with a large number of geographical objects within it.  
(a) Improved indexing efficiency for information retrieval – In KSDI, an 

inverted file index and a spatial index are built separately upon the whole 
document library. A single query a user submits to the GIR system will be 
split into two parts: the thematic part and the geographical part. Both these 
parts will then be processed separately using the inverted file index and 
spatial index. Consequently, two result sets will be generated from these two 
parts. An intersection operation of these two sets needs to execute to produce 
the final result set. Although the dual index will bring extra storage overhead, 
it still has been observed to notably improve the system performance of 
information retrieval especially for large document libraries. The 
independent index data structure and queries processing schema will 
furthermore bring the possibility to apply parallel computing technology to 
speed up the whole GIR system.  

(b) Least change to existing traditional IR system: it is obvious that KSDI will 
make the least change to existing traditional IR systems. The only 
connection point between the two sub-systems is the operation of merging 
two preliminary result sets in thematic and spatial dimensions.  

(c) No duplicated data storage: the geographical information within each 
document will only be stored, processed and indexed once in the KSDI 
index. No duplicated data storage will occur with this index. 

(d) Benefit from modern spatial database technologies –the spatial database 
management system (SDBMS) has been the key component of modern GIS 
for spatial database management. Several operations of spatial data types, 
which will be relatively more complex than that of simple data types, could 
easily and efficiently be done with the help of SDBMS. Additionally, in the 
user interface of modern GIR systems, a digital map might also be presented 
together with the text documents to the location of each retrieved result. The 
application of digital maps will certainly improve the user experience while 
using the service. With the help of modern SDBMS, one could easily add a 
simple digital map to the GIR system. In a word, the SDBMS has great 
potential to take over the task of spatial data management in modern GIR 
systems. The modern GIR system will also benefit greatly from the 
appliance of modern spatial database technologies. 
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However, the disadvantage of KSDI is also obvious. Neither the spatial query, 
nor the thematic query can benefit the result of the other part, and this will to 
some extent degrade the performance of the GIR queries processing. In contrast, 
the hybrid indices could make use of the query result of another part, and then 
always have the best performance. For example, the following pipelines depict 
the query-processing schema for PKI, KSHI, SKHI and KSDI. From the 
following, one sees that the pipeline of thematic query and spatial queries in 
hybrid indices will reduce the number of documents passed to the refinement 
process (either in thematic scope or geographical scope), and hence improve the 
performance. But the KSDI will start on the whole document library for both the 
thematic part and spatial part of a GIR query. Then it can be inferred that the 
KSDI is relatively slower than the hybrid index.  
Compared to the PKI, the performance of KSDI might not be outstanding while 
the document library is small and there are less geographical objects embedded. 
But with the growth of the document library, the time cost of the sequential scan 
of geographical objects in PKI (region 1 in Fig. 5.42) will exceed the total time 
cost of spatial query processing (region 2 in Fig. 5.42) and the set merge (region 
3 in Fig. 5.42) steps. Then in this case, the KSDI could outperform the PKI 
within a large enough document library.   

 
Figure 5.42 Pipelines of various indices when processing GIR queries 
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5.5.2 Choice of a proper indexing mechanism for the multiple-
geofootprint model 
To design a proper indexing mechanism for GIR systems using the multiple-
geofootprint model, the following two approaches can be considered. One of 
them is the space-filling curve and inverted file based hybrid index, which is 
extended to support multiple geofootprints within a single document. The other 
one is the keyword-spatial dual index.  
(1) Extended Space-filling Curve and Inverted File Index Approach 
Originally, the space-filling curve and inverted file based KSHI proposed for the 
single-geofootprint model could only support one geographical reference within 
a single document. But with a limited number of geographical footprints per 
document, this approach could be easily extended to support the indexing of 
documents in GIR systems using the multiple-geofootprint model.  
Taking the Z space-filling curve and string-encoding schema for example, the 
extended approach will store the string codes for all the geographical footprints 
within a given document. The string code of each geographical footprint is 
connected one after another by a special character, such as the ‘|’ symbol. For 
example, in the following figure, Doc1 contains two geographical objects in its 
contents, the geometric object B and C. Then the geographical id for this 
document, using the Z space-filling curve, will be “|0|30”.  

 
Figure 5.43 String encoding of Z SFC and inverted file based hybrid index for the multiple-

geofootprint model 

Suppose the maximum length of the data field for storing the geographical id is 
M , and the grid level of the Z space-filling curve is denoted as g , then the 
maximum number of geographical footprints within a single document 
supported in this extended KSHI will equal / ( 1)+M g .  

In GIR systems using the single-geofootprint model, a windows query 
(containment or intersection) will be converted to a prefix matching of string 
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codes first, followed by a sequential scan of refinement. Aided by the B-Tree 
index or dictionary structure of string codes, the prefix matching of string codes 
could be finished quickly and hence save quite a lot of time for the whole query 
processing. But for the multiple-geofootprint model, this process is a bit more 
complex. The first step, which converts a window query to a string code, will be 
the same. But in the string matching process, the simple prefix matching will be 
replaced with a string search specified by a regular expression, such as “*|3*”. 
Complicated spatial query conditions could then be converted into more 
complex regular expressions. Since the processing of regular expression 
matching could be solved in linear time, the process to look for matched 
geographical ids from the document library will consume more time than the 
prefix matching of string codes in the single-geofootprint model.  
It can be predicted that this extended KSHI based on space-filling curve and 
inverted files could outperform the PKI slightly, since the regular expression 
based string pattern matching is less costly and thus relatively faster than the 
sequential scan of geometric objects. This advantage of KSHI over PKI will 
become more obvious for small window queries on point geographical objects, 
because the string code pattern matching will remove quite a lot of irrelevant 
objects before starting the geographical refinement process. But in other cases, 
the performance of PKI and KSHI are quite similar (Fig. 5.44). Although the 
advantage of KSHI over PKI is not so significant for GIR systems of no matter 
single-geofootprint or multiple-geofootprint models, it is still worthy of 
implementation, because of its structural simplicity, least modification to 
conventional IR index structure and query processing, and least effort of 
implementation.  

 
Figure 5.44 Performance of Multiple-geofootprint Model index: KSHI_ZSFC vs. PKI 
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But the disadvantage of KSHI as applied here is that it can only support a 
limited number of geographical objects within a given document.  

 
Figure 5.45 Marginal effect of grid level g in KSHI_ZSFC for the Multiple-geofootprint 

Model 

A similar marginal effect of the grid level g  on the indexing performance will 
also exist for the multiple-geofootprint model. The optimal grid level could be 
found experimentally (Fig. 5.45).  
(2) The Keyword-Spatial Dual Index  
As stated in the above section, the Keyword-Spatial Dual Index has its own 
potential to outperform the PKI, when there is a great need for efficient spatial 
data storage and access. The more geographical footprints within a single 
document, the more advantage a standalone spatial index will have over the 
sequential scan of geographical objects in the PKI. According to these two needs, 
the SDBMS technology could be applied and work together with the inverted 
file index, to provide highly efficient spatial data management. The application 
of SDBMS will also provide support to design better GUIs of GIR systems, 
which could be improved by digitally mapping the relevant documents. The 
digital map of the region of interest could be selected from the base maps stored 
in the SDBMS. 
Apart from the I/O time consumed for loading data (including index and original 
data) into the memory, the query time of the keyword-spatial dual index will be 
composed of three parts: the thematic query time, the spatial query time and the 
set merge time (i.e. combination of the two lists of thematically and 
geographical relevant documents). Suppose the filter rate of the spatial query is 

 

rs  and the filter rate of the thematic query is

 

rt . Then after the spatial query and 
thematic query, the two candidate document sets 

 

Ds  and 

 

Dt  could be calculated 
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from these two rates and the number of documents in the library 

 

D. The thematic 
query is common to both PKI and KSDI. To compare the total time consumption, 
the marked region (1, 2 and 3) of Fig. 5.46 should be taken into account, 
because it shows the parts of query processing that differ between PKI and 
KSDI. 

= ⋅s sD D r , = ⋅t tD D r  

 
Figure 5.46 Pipelines of query processing in PKI and KSDI 

For the PKI, the parts other than the thematic query will cost time 1 = ⋅ ⋅tT D p n , 
where p  is the average time cost to validate a geometric object, seeing whether 
it meets the user’s requirement in the geographical scope and n  is the average 
number of geographical objects within a single document. For the KSDI, the 
other parts will cost time 2 log ( )= ⋅ + ⋅ + +R R s tT R D M p D D , where RM  denotes the 
number of geometric objects contained in the relevant leaf nodes of the R-Tree 
to the spatial query. RM  is always much smaller than ⋅sD n . 

In relation to PKI, the following comparison could be made:  
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To make the KSDI quicker ( 2 1<T T ), the rate 1

2

r
r

 should be bigger than 

log
( 1)

⋅ + ⋅ +
⋅ ⋅ −

R R s

s

R D M p D
D n p

. From the above analysis, it can be inferred that when the 

filter-out rate of thematic query ( 1r ) is sufficiently bigger than that of spatial 
query ( 2r ), the KSDI will be faster than the PKI. And with the growth of n , the 
average number of geometric objects contained in a single document, the KSDI 
will also become faster than the PKI. Similarly, the p , which denotes the 
average time consumed by validating a geometric object, will also affect the 
relative performance of PKI and KSDI. When complicated representations of 
geometric objects (such as the convex hull) are adopted rather than simple points 
or rectangles, the p  will be much larger and hence it is more likely that KSDI 
will be faster than PKI. A larger document library D  will also increase the 
likelihood of KSDI beating PKI in index performance for GIR data, because 
logR D  will grow much slower than the linear function of D . 

From the above the analysis, it can be concluded that for a small document 
library with few geometric objects per document, the KSDI might not perform 
as well as PKI. But a spatial database powered by KSDI could at the same time 
provide efficient spatial data storage and access. When the document volume 
grows big enough, and there are quite a lot of geographical footprints within 
each document, the KSDI will definitely outperform the PKI in performance of 
GIR queries processing.  
Comparing to hybrid indices (i.e. either KSHI or SKHI), KSDI also have its 
advantages while geographical and thematically indexing the documents in a 
GIR system using multiple-geofootprint model. Generally speaking, highly 
efficient spatial indices demand complex structure of indices data themselves. 
Concerning KSHI and SKHI, combination of highly efficient spatial indices 
with inverted files will bring great change to the structures of inverted files, and 
thus increase the effort of implementation and degrade the indexing performance 
of conventional IR queries processing (without spatial semantics). Duplication 
of index data in hybrid indices is always very common in reality, and the storage 
overhead for KSHI and SKHI is always much larger than PKI and KSDI. 
Applying simple spatial indices with less spatial indexing performance (e.g. SFC) 
in hybrid indices could get a balance between performance, storage overhead 
and implementation difficulties. But for GIR systems using the multiple-
geofootprint model, there are much more geographical information to handle 
and the efficiency of spatial indexing is essential for the performance of the 
system as a whole. So the advantages of KSDI could be concluded to be a least 
modification to index structure of conventional IR, a highly efficiently spatial 
index, and relatively less implementation difficulty. By the way, the KSDI could 
also benefit from the parallel computing technology because of its two separated 
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indices and independent tasks of processing thematic and geographical parts of a 
typical GIR query.  
The main performance bottleneck of KSDI is the combination of the lists of 
relevant documents. Suppose there are q  keywords (connected using “AND” 
Boolean operator) in a typical GIR query, the processing of thematic part of this 
query will result in q  lists of relevant documents, while using the inverted file to 
index the thematic content of documents. Using the spatial indices such as R-
Tree family, a list of geographically relevant document will be generated after 
the spatial part of a GIR query has been processed. The task of document lists 
combination is aimed to find out those documents, which are both thematically 
and geographically relevant to the user’s query. In order to speed up the process 
of document lists combination, a binary search based could be applied here 
under certain circumstance. Sorting the 1+q  lists of documents from the 
processing of thematic and geographic parts of a GIR query, the process of 
combination could start by going through each tuple of 1+q  document to see 
whether they have the same id (i.e. DocID). Suppose these lists are sorted in an 
ascend order, for each run, remove those documents with a smaller DocID than 
the maximum one in the tuple and move to the next one in its own list until a 
tuple with the same DocID is found. Through this way, the process of 

combination will demand 
1

1
( )

+

=
Σ
q

ii
O D  operations to finish. When there is a extreme 

small list among iD , this process of combination could be optimized by picking 
up the smallest list and checking each of its items to see whether it also show up 
in all the other q  lists. This optimized process of combination only demands 

( log(max ))⋅ ⋅ iO n q D , where min( )= in D . 

 
Figure 5.47 Sorting occurrence tables 
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5.6 Conclusion and future Work 

5.6.1 Conclusion 
In this paper, indexing mechanisms of GIR systems using both the single-
footprint and multiple-footprint models are thoroughly studied. Four types of 
possible indices are introduced including their data structure, storage overhead 
and time complexity while processing a GIR query.  
More specifically, for the single-footprint model that has only one geographical 
reference per document, a special hybrid index is proposed by combining the 
space-filling curve and inverted file index. The proposed hybrid index has a 
moderate indexing performance with least modification to the index data 
structure of conventional IR systems. At the same time, it is easy to implement. 
The process of solving a GIR query with the help of the proposed hybrid index 
is also explained and analyzed. Two encoding schemas are provided for the 
storage of index data and processing of GIR queries.  
For the multiple-geofootprint model, similar discussion on the choice of a proper 
indexing mechanism is also provided in this paper. An extended KSHI_ZSFC is 
provided for the indexing of GIR systems with a limited number of geographical 
references per document. With a large document library and quite a lot of 
geographical footprints per document, the dual index (KSDI) would likely 
outperform PKI. Based on spatial database technology, the KSDI could not only 
provide efficient query processing, but also have the ability to provide 
fundamental map data to build a brand new digital map based GUI for modern 
GIR systems. 
Among the proposed four types of indices for modern GIR systems, the two 
hybrid indices (KSHI and SKHI) are supposed to have the best indexing 
performance for the geographical and thematic content of documents to retrieve, 
since using these two kinds of indices, the processing of one part of a GIR query 
could make good use that of the other part. For example, in KSHI, the thematic 
part of a GIR query is processed first, and then followed by the processing of 
geographical part of the query. In this way of pipelining the two parts, the 
processing of the later part could benefit from the former part, because its 
processing could avoid handling quite a lot of irrelevant documents that have 
been identified in the processing of the former part. However, the price of their 
high indexing performance is their complex structure of indices and 
implementation indices.  The algorithm to process GIR queries using hybrid 
indices is always more difficult to implement than the PKI and KSDI. For 
modern GIR systems, processing mere conventional IR queries (without any 
spatial condition) is an important and common application scenario. In this case, 
the hybrid indices are also not as good as PKI, due to the modification of hybrid 
indices to the original keyword-based indices (e.g. inverted file). Furthermore, 
the storage overhead of hybrid indices in reality is usually larger than the PKI 
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and KSDI because of the data duplication, which caused by geographical 
overlapping among documents’ geofootprints and documents containing various 
keywords. Higher storage overhead will increase I/O operations of a GIR system, 
and thus more or less harm the performance of the whole system. So generally 
speaking, the hybrid indices are only recommended when one has special 
requirement on the indexing and GIR queries processing performance. KSHI 
and SKHI are especially useful when the document library to retrieve is 
relatively small, but requires rapid queries processing. In this case, the entire 
index data could be loaded into memory during system’s startup stage. All 
queries processing and indexing will take up within the primary storage. 
Different from the hybrid indices, the dual index (e.g. KSDI) is universally 
applicable with high performance in processing of both typical GIR queries and 
conventional IR queries. No modification is made to the index structure of 
conventional IR systems. The query processing of GIR systems using a dual 
index could also benefit from the rapid development of SDBMS and parallel 
computing technologies. At last, since the PKI does not index the spatial content 
of documents to retrieve in GIR systems, its applicability is very limited unless 
there is little geographical information to handle. For example, PKI could be 
applicable in a small (in amount of documents to retrieve) GIR system adopting 
the single-geofootprint model. Under such a circumstance, the indexing 
performance could be improved a simple spatial index mechanism is introduced 
but with least modification to the indexing of thematic content and 
corresponding thematic queries processing. So the proposed hybrid index of 
SFC and inverted file could be applicable for modern GIR systems using the 
single-geofootprint model. Usually, such a GIR system has a small document 
library, little geographical information to handle and few simultaneous requests 
from users. For a large GIR system with huge number of concurrent users’ 
requests and huge number of documents to retrieve, the dual index (i.e. KSDI) is 
always recommended, no matter which kind of data representation model is 
applied in the given GIR system.  
So in general, we can just apply the KSDI index to a GIR system, no matter 
what kind of geographical data representation model it is using. While 
processing a conventional IR query, the pure keyword-based index (e.g. inverted 
file) could be applied, providing an equivalent performance of indexing and 
query processing to conventional IR systems. Given a typical GIR query with 
search keys bearing thematic and geographic semantics, both indices could be 
utilized to find the answer in a rapid way.  

5.6.2 Future work 
The work contained in this paper could provide a useful guide for designing a 
proper indexing mechanism for modern GIR systems. But one unresolved 
problem of this paper is that the time complexity is analyzed without 
considering the disk I/O in practice, which might vary for different kinds of 
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solutions. Regarding the KSDI for the multiple-geofootprint model, more 
integration work and experiments need to be carried out to evaluate the de facto 
performance of this dual index based on the inverted file and spatial database. 
The theoretical analysis of the KSDI needs to be proven by statistical 
significance from evaluation results. 

6 CONCLUSION AND FUTURE RESEARCH 
 

6.1 Conclusion 
Despite its advantage on processing geographical information and queries over 
conventional IR systems, modern GIR systems are also facing challenges 
including a proper representation and extraction of geographical information 
within documents, a better information retrieval model for both thematic and 
geographical information, a fast indexing mechanism for rapid search within 
documents by thematic and geographical hints, and even a new architecture of 
system. The author’s work in this licentiate thesis is just aimed to provide his 
solution to some of these problems to build a better modern GIR system in the 
future. As a pilot study of the whole PhD research plan, this licentiate thesis has 
tried to make its own contribution to the following aspects.  
(1) This licentiate thesis provides a dedicated summary of previous research 
efforts and challenges in GIR field. After that, the promising key technologies as 
well as an architectural framework is concluded and proposed upon the 
summary work, given various challenges the modern GIR systems are facing. In 
this thesis work, the author makes a claim to the incorporation of various 
important theories and technologies in order to build a better GIR. The 
concerned theories and technologies include the spatial cognition and ontology, 
the natural language processing (NLP), the qualitative spatial reasoning, and 
spatial database (SDB). Additionally, some extra reference data sources are also 
introduced into the modern GIR systems, and they are the geographical 
thesaurus, digital gazetteer and digital maps, which could be used to provide a 
map-based new GUI for GIR.  
(2) After an analysis on the advantages and disadvantages of the single/overall-
geofootprint model for the representation of geographical information within 
documents, the multiple-geofootprint model is then proposed as an improved 
approach of geographical information representation. In spite of its simplicity 
and efficiency while processing spatial queries, the single/overall-geofootprint 
model can’t be suited documents containing more than one geographical 
footprint, which is quite common in reality. Problems of overestimate and 
underestimate will occur under such circumstance. As a result, the multiple-
geofootprint model is proposed to manage all geographical references within a 
single document, rather than adopting an overall approximation or picking up 
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one of all of them as the geographical boundary for each of the documents in the 
library to retrieve. Although the introduction of multiple-geofootprint model 
outperforms the single/overall model, unfortunately, it also at the meanwhile 
brings new problems in the information retrieval model to study the degree of 
relevance or similarity between documents and users’ queries. Regarding this 
problem, the thesis work presents a potential solution based on geographical 
analysis upon the co-occurrences of all geofootprints within a single document. 
The geographical importance and adjacency are calculated and combined to be 
the geographical relevance score of a given document versus the user’s query. 
For all GIR systems, no matter single/overall or multiple-geofootprint model, 
the combination of geographical relevance and thematic relevance is another 
essential problem and deserves enough attention to be paid. Rather than the 
existing combination based on simple arithmetic functions, the logistic 
regression approach is proposed for the purpose of a more appropriate 
combination of the two relevance scores. The logistic approach has been widely 
applied in the prediction of probabilities of events that are affected by 
independent variables among various fields of social and natural sciences, and 
thus also has a great potential to play an important role in GIR. In addition to the 
two relevance scores, the specificities of thematic keywords and geographical 
region of interest are also taken into account to form the predicators for logistic 
regression. Some preliminary results of evaluation studies based on experiments 
show the advantage and potential of the proposed approach. Nevertheless, there 
are still much more experimental work needed to be done to test the proposed IR 
model and the combination approach of relevance scores.  
(3) Beyond the textual information, the modern GIR systems also need to deal 
with huge amount of geographical information, especially when the multi-
geofootprint model is adopted. From the experience of spatial data management, 
it has been realized that the processing of spatial queries will be quite time-
consuming without a proper spatial index, and this problem will become worse 
for complex geometric approximation rather than simple points or MBB. In 
order to speed up the processing of GIR queries, each of which could be viewed 
as combination of a term query and a spatial query, all the possible indexing 
mechanisms of GIR are investigated. More specifically, a hybrid index of space-
filling curve (SFC) and inverted files is proposed for GIR systems adopting the 
single/overall geo-footprint model, since in this case there are relatively less 
geographical information to process. Two different algorithms to process the 
spatial part of a GIR query were provided based on two different approaches of 
encoding techniques for converting the 2D geographical references into linear 
codes (in either string or numerical format). For the multiple-geofootprint model, 
there will be much more (about 10-20 times depending the average number of 
geographical footprints contained within a single document) geographical 
information comparing to the single/overall model. In this case, the same hybrid 
index is extended to support the indexing and query processing of multiple 
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geofootprints. Different from the prefix match of string code for single/overall 
model, the hybrid index proposed for multiple-geofootprint model converts 
spatial queries into string pattern matching by regular expressions, while using 
the string encoding method. It has been pointed out that the hybrid could also 
remain advanced while there are a small average number of geofootprints 
averagely within a single document. With the growing of this number, the 
performance of proposed hybrid index will degrade. In such situation, the dual 
index approaches might be of great help for this problem. As has been proposed 
in licentiate thesis, the spatial databases could be adopted to improve the 
performance of spatial data management, storage, indexing and query 
processing for modern GIR systems. The application of SDB will also provide 
support for the system to build a new digital-map based GUI, since the digital 
maps could be stored and accessed efficiently within SDB. Besides the 
theoretical analysis, plenty of experiments are made to study the de facto 
performance of various kinds of GIR indexes, based on the opens-source search 
engine kit Lucene Java, the JTS Topology Suite, and the Java Spatial Index 
library. Results from experiments witness the advantages of proposed GIR index 
in the aspects of query processing speed, structural simplicity and least 
modification to existing index data structure of conventional IR systems. 

 
Figure 6.1  Finished and unfinished parts for a demo GIR system 

6.2 Future research 
Although the research work presented in this licentiate thesis provides solutions 
to the challenges of modern GIR systems, there are still some other important 
problems remained unsolved. So in the next step of PhD research plan, the 
author will continue his study of GIR among the following aspects: (1) a better 
representation and extractor for geographical information within documents to 
retrieve: solutions could be found by incorporating the natural language 
processing technique and geographical ontology; (2) a full-functionality demo 
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system integrating all the mentioned techniques: this system will open for public 
use and more evaluation study could be made to test practical performance of 
proposed solutions; (3) improve the proposed solutions based on the empirical 
study from demo systems.  
Through the related work within this PhD research, the author hopes that his 
efforts could be helpful for establishing a better modern GIR system in the 
future. 
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