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Chapter 1 

Describing and Selecting 
Collections of Georeferenced 
Media Items in Peer-to-Peer 

Information Retrieval Systems 
Dm1icl Blank 

Unii·ersity f~( Bamberg, Germany 

And rcas Hen rich 
Unirersity <?f Bamberg. Germany 

ABSTRACT 

The ever-increasing amount ofmedia items 011 the World Wide Web and on private derices lead,; to a 
strongneedfor adequate indexing andsearch techniques. Trends such as personal media archives. social 
networks, mobile devices with huge storage space, and networks with high bandwidrh capacities make 
distributed solurions and in particular Peer-to-Peer (f'2P) lnformatio11 Rerrieval (IR) sysrems attractive. 
On the other hand, ll'he11 designing effective media search applicarions, mrious search criteria have to 
be addressed. Hereby, geospatial information isfrequent~v used as well as other criteria. such as text, 
audio or visual media content, and date and time information. 

In this chapre,; the authors outline how collections ofgeoreferenced media irems can be indexed and 
searched in P2f' IR systems. They discuss d([ferent types ofP2P IR systems and focus in detail on an 
approach based on collecrion description and selection techniques. This approach tries lo adequately 
describe and select coif ections ofgeoreferenced media items. Fina/I;,~ the aurhors discuss its broad ap-
plicability in various application.fields. 
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INTRODUCTION 

In recent years, the availability-and with it the 

usefulness--of geospatial metadata has increased 

dramatically. Digital cameras and mobile phones 

are nowadays often equipped with GPS sensors 

at affordable cost. Hence, such devices are able 

to capture georeferenced information in the per­

sonal lives ofmillions ofpeople from all over the 

world. In addition, geo-tagging tools with rich user 

interfaces have emerged in different domains and 

!arge geo-tagging initiatives try to georeference 
textual resources such as in case of Wikipedia. 
As a consequence, an increased importanee of 
geospatial information in the context of search 
can be recognized. 

Obviously,geospatial information is not the 

only search criterion. When searching for media 

items other criteria such as textual content, time­

stamps, and (low-level) audio or visual contenl 

information can be used as well�ften in an 

integrative way. A combination of these criteria 

can allowfor the effective retrieval oftext, image, 

audio, and video documents. 

As we all know, the amount of media items 

on the World Wide Web and on private devices 

steadily inereases. Serviceproviders such as Flickr, 

YouTube,orFacebook(Beaver, et al., 20 IO)have 

to maintain huge hardware infrastructures in order 

to keep up with the tremendous increase in data 

volumes. So far, it is unclear if existing server­

centered solutions will also suit our needs in the 

future. Hence, a need for alternative indexing and 

search techniques might arise. 

Peer-to-Peer(P2P) Information Retrieval (IR) 

systems consist of computers from all over the 

world. These computers can act as both clients 

and servers. By appiying a scalable P2P IR pro­

tocoI, a "service of equais" for the adm inistration 

of media items can be established in contrast to 

existing client/server-based solutions. No expen­

sive infrastructure has to be maintained and idle 

computing power in times of inactivity can be 

usedto maintain, analyze, and enrieh media items. 

P2P IR systems offer the benefit that media items 

can remain on individual devices since there is no 

need for storing them on remote servers hosted 

by third party service providers. Crawling which 

consumes !arge amounts ofweb traffic (Bockting 

& Hiemstra, 2009) can tlrns be avoided. In addi­

tion, dependency from service providers acting 

as infonnationaI gatekeepers can be reduced, 

because they are no longer able to decide which 

information can be retrieved or accessed and wh ich 
cannot. In times of a strong market concentration 

in intemet search and social network applications 

as weil as public debates addressing the privacy 

of data, P2P IR could offer some benefits. 

As our primary use case, georeferenced images 

are administered in a P2P IR system. The images 

of a certain user are stored locally on the user's 

personal device(s) and a scalable P2P IR protocol 

is applied in order to facilitate retrieval. An image 

can hereby bedescribed byvarious criteria: textual 

metadata, (low-level) visual content features, a 

timestamp, and a geographiccoordinate. Personal 

media collections containingmultiple images can 

thus be represented by corresponding collection 

descriptions allowing for efficient and effective 

collection selection when processing a given query. 

We assume in the following that at least some of 

the images of a peer are geo-tagged. A resource 

description capturing the geographic footprint of 
an image collection can thus be generated from 

the set of georeferenced images. In this chapter, 

we focus on geospatial query processing. In par­

ticular, we address geospatial k nearest neighbor 

(k-NN)queries-finding thekclosest media items 

according to a given query location. 

In literature, many approaches for P2P IR can 

be found. The following section entitled Peer-to­

Peer Information Retrieval Systems forGeospalial 

Search will give an overview on d itferent types of 

P2P IRsystemsand outlinehow georeferenced me­

dia itemscan be indexed in a P2Psetting in general. 

We additionally describe how a comprehensive 

indexing of the abovementioned search criteria 

(geospatial, textual, date and time, and audio or 
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visual content infonnation) can be achieved. In 
addition, we discuss associated consequences for 
query processing in a distributed scenario. 

A P2P IR system which might use the above-
mentioned criteria and which is based on resource 
(i.e. collection) selection is presented in detail in 
section Resource Selection based on Descriptions 
of Geospatial Footprints. Resource selection 
techniques are applied to determine a ranking 
of promising resources based on descriptions of 
their geospatial footprint. Peers are contacted in 
ranked order to retrieve the media items with the 
closest locations according to a user-given query 
location. It is important to note that the core of 
our P2P IR system-its resource description and 
selection techniques addressing georeferenced 
media items-is not limited to P2P IR systems. 
Different application fields and usage scenarios of 
these resource description and selection techniques 
are therefore discussed at the end of this chapter. 

In a Future Work section, we will focus on 
different open aspects w.r.t. geospatial resource 
description and selection before we end with a 
Conclusion section. 

PEER-TO-PEER INFORMATION 
RETRIEVAL SYSTEMS FOR 
GEOSPATIAL SEARCH 

P2P IR systems are mostly classified as being 
structured or unstructured overlay networks. In 
addition, we introduce the distinction of data-
independent and data-dependent overlays as a 
secondary classification criterion to reflect if, for 
example, a peer's content or query profiles affect 
overlay generation. This distinction provides 
helpful insights in order to pinpoint different 
characteristics in a more organized way. In the 
following subsections, we will briefly discuss 
unstructured and structured as well as hybrid and 
super-peer approaches. 

Unstructured Topologies 

Data-independent: Main protocols in this group 
are PlanetP (Cuenca-Acuna, et al., 2003) and its 
extension Rumorama (MUiier, et al., 2005). In 
Rumorama, a peer sees the network as a single, 
small PlanetP network (called subnet) with con-
nections to other peers, which see other PlanetP 
subnets. Each peer can choose the size of its 
subnet according to local processing power and 
bandwidth capacity. Within a subnet, a peer knows 
data summaries of all other peers in the subnet. 
Gossiping techniques are used to disseminate the 
data summaries. In a subnet, summary-based re-
source selection allows for semantic query routing. 
Additionally, a peer maintains a small set oflinks 
pointing to neighboring peers in other subnets in 
order to be able to forward queries outside the 
boundaries of its own subnet. 

In its original fonn, peers are assigned to 
subnets arbitrarily, i.e. independent of the peers' 
content. However, Rumorama can be easily 
extended by a grouping of peers-similar to the 
content-dependent overlays described in the fol-
lowing-for example by content or by geospatial 
proximity of the host, which operates the peer. 
A further benefit of the resource descriptions is 
their possibility of being visualized. Thus, they 
might be applied for interactive retrieval, e.g. by 
providing-with low bandwidth requirements-a 
visual overview of peer data for a large number 
of peers. 

Routing indexes in various fonns represent 
aggregated infonnation in an unstructured P2P I R 
system maintained at a peer for all its neighboring 
peers in order to decide in which direction queries 
should be forwarded. Initially designed for one-
dimensional values in order to avoid network 
flooding in the early days of P2P computing, 
they have for example been extended to allow for 
multi-dimensional queries. Here, bounding boxes 
are used to summarize the content ofneighboring 
peers (for references cf. Doulkeridis, et al., 2009). 
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Data-dependent: Many Semantic Overlay 

Networks (SONs; for references and a detailed 

description cf. Doulkeridis, et al., 2010) are data­

dependent, unstructured P2P net:works. Here, the 

content of a peer's data or inforrnation about past 

queries defines a peer 's place in the network. Thus, 

summaries ofa peer's contentor query profiles are 

needed. Two types oflinks are usually maintained 

in such systems: short links grouping peers with 

similar content or query profiles into so called 

"Clusters oflnterest"(COis ) and !ong links which 

are estab!ished between different COls. Ouring 

query processing, the query has to be forwarded 

to the most promising COJ(s). Clustering, clas­

sification,and gossiping techn iques can be applied 

in order to form COJs. 

lndexing of Multiple Criteria in U nstruc­

tured Topologies: Many of the unstructured, 

data-independent P2P IR systems are based on 

resource descriptions which summarize a single 

peer's content, summarize the content of multiple 

peers reachable when following a certain direc­

tion, orforexam ple summarize information about 

pastqueries. In general, it is possible to apply one 

summarytype and acorresponding resource selec­

tion technique per feature type. Feature-specific 

peer rankings can be combincd by applying an 

algorithm forthe merging of ranked lists (Belkin, 

et al., 1995; Ilyas, et al., 2008). As an alternative 

for creating indepcndent resourcc dcscriptions per 

scarch criterion, summaries and resourcc se lection 

algorithms integrating multiple feature types are 

also possible ( cf. Hariharan, et al., 2008). 

In section Resource Selection based on De­

scriptions o/Geospatial Footprints we will focus 

on resource description and selection techniques 

forgeospatial information. The design of resource 

description and selection techniques for textual 

data is for example addressed in Cuenca-Acuna 

(2003). Summaries for high-dimensional feature 

vectorsin orderto summarize content-based media 

features are outlined in Blank et al. (2007). 

In data-dependent unstructured networks mul­

tiple search criteriacan be addressed when form ing 

the COls. Since many approaches are based 011 

a similarity measure between resources' content, 

differentcriteriacan be integrated when determin­

ing the similarity of peers in order to group them 

together.Alternative ly, multiple overlays m ight be 

maintained, i.e. one overlay per search criterion. 

Structured Topologies 

Data-independent: Structured P2P IR systems 

are based on distributed indexing structures. 

Distributed Hash Tables (DHTs) represent the 

most prominent class member. Every peer in 

the network is usually responsible for a certain 

range of the feature space. Thus, when entering 

the network or updating local content, index data 

has to be trnnsferred to remote peers accord ing 

to the peers' responsibilities. In case of data-

i ndependent, structured P2 PI R systems, terms ( cf. 

Bender, et al., 2005) or high-dimensional feature 

vectors for content-based image retrieval ( cf. 

Novak, et al., 2008; Lupu, et al., 2007; Vu, et al., 

2009) are usually mapped to one-dimensional or 

multi-dimensional keys. Theycan be indexed in a 

classical DHT such as Chord (Stoica, et al., 200 l )  

or CAN (Ratnasamy, et al., 2001) respectively. lt 

has to be noted that there is a (arge variety of such 

P2P protocols. Very detailed information with 

references pointing to relevant research articles 

can be found in Shen et al. (20 l 0). 

Data-depcndent: SONs-as described 

above-can also be implemented on top of a DHT 

in order to enhance query routing (Doulkeridis, 

et al., 2010). Various forms of clustering, clas­

sification together with gossiping techniques can 

be applied in order to establish links to peers with 

similar content. 

Indexing ofMultiplc Criteria in Structured 

Topologies: In structured, data-independent sys­

tems, correlations between different criteria are 

difticulttoexploit when indexing multiple feature 

types ( e.g. geospatial and image content inforrna­

tion ). lf we for example assume an image from 

the Sahara Desert with shades of beige sand and 
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blue sky, different peers might be responsiblc for 

indexing the geospatial and the image content in­

formation. Thus, when distributing the index data 

ofthe Sahara image, querying for it, or removing 

it from the network, (at least) two different pecrs 

have to be contacted. Within SONs, the simulta­

neous indexing of multiple criteria would again 

requirethedefinition ofa similarity between peers' 

content by cornbining forexample geospatial and 

imagecontcnt information.Alternatively, mL1ltiple 

ovcrlays might be maintained. 

Hybrid and Super-Peer Approaches 

In unstructured P2P IR systems, a peer only ad­

ministers indexdataofmedia items, which belong 

to its user. Tims, when entering the network or 

updating med ia items, full index data does not 

have to be transferred to remote peers. Peer au­

tonomy is better respected compared to structured 

networks (Doulkeridis, et al., 2010). On the other 

hand, structured systems offcr query proccssing 

with logarithmic cost. In order to reduce the load 

imposed on the network when inserting ncw 

media iterns in structured systems, super-pcer 

architectures (Papapetrou, et al., 2007) as weil as 

DHT-based indexing of compact data summaries 

instead offull index data have been proposed (cf. 

Lupu, et a 1., 2007). 

In general, there isaconvergence of structured 

and unstructured P2PIRsystems with many hybrid 

approaches. We have for example evaluated an 

approach where index data is transferred amongst 

peers incertain rounds inorder to makepeers more 

focused and-as a consequence-summaries 

more selective. More selective summaries with 

peers having specialized 011 a certain range of 

the feature space lead to more efficient resource 

selection (Eisenhardt, et al., 2008). 

There is plenty ofwork addressing super-peer 

architectures(for referencescf. Dou lkeridis, et al., 

2009). They are designed in order to overcome 

some limitations of "true" P2P lR systems and 

make use of increased capabilities such as storage 

capacity, processing power, or available network 

bandwidth. Often, concepts known from "true" 

P2P IR systems are extended and trnnsferred to 

super-peer architectures. Also within super-peer 

networks t he convergence o f different approaches 

can be seen. Doulkeridiset al. (2009) forexample 

apply multi-dimensional routing indexes 011 a 

super-peer level and additionally group similar 

super-peers close together in order to allow for 

improved query routing. 

RESOURCE SELECTION 
BASED ON DESCRIPTIONS OF 
GEOSPATIAL FOOTPRINTS 

Geospatial Resource Description 
and Selection in Rumorama-
Like P2P IR Systems 

lt is important to note timt the resource selection 

techniques presented in the following are not re­

stricted to data-independent, unstructured P2P IR 

systems such as Rumorama. The summaries can 

also be applied in data-dependent, unstructured 

P2 P IR systems when form ing CO! s and in struc­

tured networks in order to be indexed for example 

in a DHT. In addition, summaries can be used by 

super-peers for selecting "normal" peers or other 

super-peers. Here, it might be possible to relax the 

strict compliance of some design parameters. A 

system based on super-peers might for example 

allow for lessspace efficient resourcedescriptions 

in order to achieve better retrieval performance. 

In this section, we will present four different 

resource description and correspond ing selection 

techniques forgeospatial information. Furtherap­

pl ication fieldsofthe analyzed geospatial resource 

description and selection techniques outside the 

P2P lR context are also possible. We will focus 

on this aspect in the next section which is entitled 

Resource Descriplions and Selection Teclmiques 

in d{[feren/ Applica/io11 Fields. 
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In this chapter, we outline and extend earlier 
work fro m Blank and Henrich (2009, 20 I 0) mainly 
according to two major directions. First, we ana-
lyze peer ranking selectivity in more detail by not 
only providing the average fraction o f contacted 
peers as the main perfonnance measure. We ana-
lyze the distribution of the fraction of contacted 
peers overthe set of queries, which givesadditional 
insights. Second, we show that also on a global 
scale (i.e. based on a data collection of geo-tagged 
Flickr images from different areas o f the world), 
it is sufficient in our scenario to approximate 
distances by the use of Euclidean d istance when 
searching for the 20 nearest neighbors according 
to a given query location. 

We use the terms image and document inter-
changeably in order to ref er to concrete media 
items. This is due to the fact that our experiments 
in Blank and Henrich (2009, 20 I 0) and also in 
this very chapter are based on image documents. 
Nevertheless, we believe that our approach can 
be extended to other media types. Ofcourse, by 
restricting our analysis on images, we implicitly 
allow only a single lat/lon-coordinate per med ia 
item. This might be different in case o f textual 
documents for example where several locations 
could be referenced within a single document. A 
detailed analysis of these and related challenges 
could be part of future work. 

Bounding Boxes (88) 

When using bounding boxes as resource descrip-
tions, every peer computes a minimum bounding 
box over the geospatial coordinates of its image 
collection (refer to. Figure I). We encode a lati-
tude/longitude-pair (for short: lat/lon-pair) with 8 
bytes, 4 for latitude and 4 for longitude. Therefore, 
we require 16 bytes of raw data for the bounding 
box (i.e. two lat/lon-pairs, e.g. the lower left and 
upper r ight corner). 

Peer ranking is performed as follows. If a peer 
p,, contains the query location in its bounding box 
whereas peer p~ does not, peer P,, is ranked 
higher than peer P,. and vice versa. In case the 
query location I ies in the bounding box of both 
peers Pu and P,., the size of a peer ( i.e. the number 
of documents a peer administers) is used as an 
additional criterion. Peers with mo re documents 
are ranked higher. In earlier studies, several al-
ternatives have been evaluated (cf. Blank & 
Henrich, 20 I 0) and this strategy turned out to be 
beneficial. If neither peer p nor peer P,. contain 

0 

the query within its bounding box, the peer wit h 
the smaller minimum distance from the query 
location to its bounding box is preferred. We as-
sume a spherical model of the earth with a radius 
of 63 71 km. If not stated otherwise, we use Ha-
versine distance (Sinnott, 1984) to compute the 
distance between two points on the sphere. 

Figure 1. Visualizing summary creation for BB (lefi), GRIDJ (middle), and HFS/UFS11 (righ1.· cor-
responds to reference points). Four documents indicated as xare geo-tagged. 
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Of course, it is also possible to represent 
the geospatial footprint of a peer by multiple 
bounding boxes. Becker et al. (1991) present 
an algorithm for summarizing a set of bounding 
boxes by two bounding boxes which minimize 
the area that is covered. Chen et al. (2006) pro-
pose several threshold-based algorithms to split a 
single bounding box into several smaller ones in 
order to reduce the space within a bounding box 
which is not covered by any index data. These 
approaches demonstrate that there is optimization 
potential w.r.t. the representation of geo-regions 
in geospatial indexing. However, the mentioned 
approaches stick with bounding boxes and the ap-
proaches presented lateron in this chapter might be 
interesting alternatives in this application field. A 
detailed comparison might be part offuture work. 

Grid-Based Summaries (GRID,) 

In a second approach, the !at/Ion-coordinates are 
mapped to a grid (see. Figure I). A parameter r 
represents the number of rows of the grid. The 
number of columns is twice the number of rows 
since longitude range is twice as big as latitude 
range. The range ofa grid cell (in degrees) is de-
termined by 180° / r = 360° I (2r) in the latitude 
and longitude domain respectively. This simplified 
view is for example also applied in Dolin et al. 
( 1997) and results in non-uniform grid cell sizes 
on the sphere. We gain selectivity and retrieval 
performance by increasing the number of grid 
cells at the price of additional storage overhead 
partially compensated through compression tech-
niques ( cf. section Experiments). Every grid cell is 
represented by a single bit. Ifone or more image 
locations fall into a certain cell, the corresponding 
bit is set to I. Otherwise, it remains 0. Bit posi-
tions in the summary are determined horizontally 
from left to right and from bottom to top. Effects 
ofalternative strategies on compression could be 
evaluated in future work. 

During peer ranking the grid cell containing 
the query location is determined. Ifpeerp has an 

0 

image in this cell whereas peer A has not, peer p. is 
ranked higher than peer A and vice versa. We also 
consider neigh boring grid cells. If either both or 
none ofpeerp and peer ph have an image located 

0 

within the cell containing the query location, the 
GRID approach considers the neighboring cells 
recursively until a ranking decision can be made. 
So, in the first round the ranking decision is always 
based on a single cell; in the second round it is in 
most cases based on I +8=9 cells and in the third 
round on 1 +8+ 16=25 cells and so on. This is not 
always the case since there might be no neighbor-
ing cells in a certain direction, e.g. as soon as a 
cell in the north or south is reached. Of course, 
at the 180° meridian we assume that there is no 
boundary and neighborhood relations are valid 
in both directions. The ranking criterion in every 
round is the number of grid cells containing one 
or more image location(s)--the more the better. 

Ofcourse, there are alternative approaches in 
literature for mapping the spherical coordinates 
to a grid for example in order to achieve uniform 
grid cell sizes on the sphere (Putman, et al., 2007). 
In various domains, cubed grids (for references cf. 
Putman, etal., 2007), ortriangularmeshes (Szalay, 
etal., 2005) have been proposed. These techniques 
might also be considered in future work, although 
we do not expect large improvements compared 
to our naive approach-neither in terms of rank-
ing selectivity nor in terms of reduced summary 
sizes. We gain ranking selectivity by increasing 
the number of grid cells. On the other hand, this 
increase does only lead to a sublinear increase 
of resource description sizes since compression 
techniques are applied. 

Highly Fine-Grained Summaries (HFS ) n 

This approach is based on resource descriptions 
originally designed for summarizing visual con-
tent information ofimages, for example the col or 
distribution or texture ofan image (Blank, et al., 
2007). A set of n predetermined image locations 
are used as reference points. This set ofreference 
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points is known to all peers and bu i lt from extemal 

sources (a Gazetteer is used in our case). How to 

adequately obtain the reference points is outl ined 

in the remainder ofthis chapter. So far, it is suffi­

cient to note that every image location of a peer's 

local image collection is assigned to the closest 

reference point according to Haversine distance 

( cf. Figure 1, right). Hereby, a cluster histogram is 

computed counting how many image locations of 

a peer's collection are closesttoa certain reference 

point, i.e. cluster center c (1 -:Sj -:Sn). 
1 

Peer ranking is performed as follows. Refer­

ence points c are sorted in ascending order ac-

cording to Haversine distance to the query. The 

first elementofthe sorted listL corresponds to the 

clustercenter being dosest to the query. Peers with 

more documents in this so called query duster are 

ranked higherthan peers with fewer documents in 

thequery duster. I ftwo peers adm in i sterthe same 

amount of documents in the analyzed duster, the 

next element out of L is chosen and both peers 

are ranked according to the number of documents 

within the very duster. This procedure continues 

until eithera ranking decision can be made, which 

favors one peer over the other, or the end of L 

is reached. In the latter case, a random decision 

would be made. 

Ultra Fine-Grained Summaries (UFSn) 

In contrast to HFS, UFS are based on a bit vector 

with the bit at position j indicating if center j is 

the closest center tooneormore ofa peer's image 

locations.Therefore, we obta in a bit vector o f size 

n. Of course, there is some loss of information 
when switching from HFS to UFS with n staying 
constant. However, UFS have the potential of 
resulting in more space efficient resource descrip­

tions. Potentially, this allows for more reference 
points being used, which might result in similar 
oreven improved retrieval performancecompared 
to HFS. Among other aspects, this is evaluated 
in Blank and Henrich (2010) and will be briefly 
summarized in the following experimental sec-

tion. Before doing so, we will describe the data 

collections we use. 

The abovementioned resource description 

techniques as weil as variations and combinations 

of them (e.g. combining grid and bounding box 

based representations)arealso used in thecontext 

of mu ltidimensional and metric index structures 

(Samet, 2006). The decision of choosing the best 

subtree is sim ilar to the resource selection prob­

lern. S ummaries in the P2 P context correspond for 

example to aggregations maintained in the nodes 

ofa tree, for example bounding boxes in the case 

ofan R-tree(Guttman, 1984). We therefore point 

the intercsted reader to Samet (2006). 

Experiments 

Data Collections 

Two data collections of geo-tagged images are 

used in our experiments: 

1. Geoflickr: During the year 2007 a !arge 
amount of publicly available images was 
crawled which had been uploaded to Flickr 
(http://www.flickr.com ). In ourscenario, ev­

ery Flickr useroperatesa peer ofits own. We 
therefore assign images to peers by means of 
the Flickruser ID. All ofthecrawled images 
are geo-tagged. After some data cleansing 
the Geoflickr collection consists of 406450 
geo-tagged images from 5951 differentusers/ 
peers. 

2. Geograph: Geograph (http://www.geo­

graph.org.uk/) "aims to collect geographi­

cally representative photographs and infor­

mation for every square kilometre of Great 
Britain and lreland." We downloaded the 
geo-tagged images and distributed them to 
peers again in a user-centric approach. In 
our scenario every Geograph participanl 
operates a single peer: 2609 peers administer 
246937 images and thus image locations in 
total. 
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The distribution of the number of inrnges per 
peer is displayed for both co llec1 ions in Figure 
2. For both collections the distribution of the 
number of images per peer is very skew which is 
typical for many P2P settings (Cuenca-Acuna. et 
al., 2003). Few peers administer large amounIs of 
the collection. On the other hand. there are many 
peers which store only few images.A more detai led 
analysis of the distribution of the peer sizes. i.e. 
the number of images per peer, can be found in 
Blank and Henrich (20 10). 

A visualization of the geographic distribution 
ofthe image locations can be found in Olank and 
Henrich {2010). too. The Gcotlickr collection 
consists of photos taken in various pai1s of the 
world with hotspots in Nonh America. Europe. 
and Japan. In contrasL images of the Geograph 
collection are limited to the UK and Ireland with 
images more densely located around urhiin areas 
such as London. 

Experimental Settings 

In our experiments. ,..,e use 200 image locations 
as queries. These nre randomly selected from the 
underlyingdata collection. The query locations arc 
visua lized in Figure 3. For I IFS and UFS where 
the outcome ofthe experiments is affected by the 
select ion of reference points. we run at least ten 
experiments with the 200 queries each. Since \\ C 

do not rerno, e the image with the query location. 
it is-on averagc--more likely that a big peer 
contributes to the retrieval result than a small peer 
because-on average-it is more likely to choose 
the query from a big peer than from a small peer. 
An additional strategy for se lecting the queries is 
analyzed in 13Iank and I !enrich (20 I 0). 

Spacce fficiency ofdifferent resou rce descrip-
tions is measured by analyzing average summary 
sizes. For compressing the summaries we apply 
Java·s gzip implementation with defau lt param-
eter values. Our measurements include serializa-

Figure 2. Number <~f images per peerfi>r the Geojlickr and Geograph collec1io11 
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Figure 3. Image locatio11s used as queries/or Geojliclcr 
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tion overhead necessary in order to distribute the 
resource descriptions in the network. The product 
of average summary size times d1e number of 
peers indicates the network load,which is imposed 
by a single round of gossiping (i.e. every peer 
sends its summary once to all other peers in the 
PlanetP-like subnet). 

In earlier stud ies (Blank & Henrich, 2010), 
in order to measure peer ranking selectivity we 
determine the fraction of peers which needs to be 
contacted on average to retrieve a certain fraction 
ofthe top-k image locations (k= 20). In this chap-
ter, we take a closer look at ranking selectivity 
by analyzing the distribution of the fraction of 
contacted peers over all queries. 

1l1e top-k goo-locations are computed using 
Vincenty distance (Vincenty, I 975). Since we are 
interested in the selectivity oftheresourcedescrip-
tion and selection techniques, we analyze al Iofa 
peer's image locations as soon as it is contacted, 
because the top-k image locations of a peer de-
tennined using Haversine distance might differ 
from the top-k image locations computed using 
Vincenty distance. In a real-world application, 
only the top-k image locations will be transferred 
(together with some additional infonnation such 
as peer ID, etc.) 

Empirical Analysis of Approaches 

Peer ranking selectivity for both collections is 
displayed in Figure 4 with the help of boxplots 
including minimum and maximum values. More 
experimental results with a focus on the average 
num berof peers,whicharecontacted duringq uery 
processing, can be found in Blank and Henrich 
(2010). For reasons ofbrevity, we focus on a set-
ting with 11=8192 for UFS and HFS here. For the 
GRID approach we partition the data space in 32 
rows and 64 columns. Thus, in an uncompressed 
way, GRID will also result in a bit vector ofsize 
8192. 

From Figure 4 can be observed that HFS per-
fonns slightly betterthan U FS. This seems reason-
able since HFS encodes frequency information 
which can be beneficial for peer ranking. If we 
assume that the query is closest to a certain refer-
ence point c•, then it is obvious to contact peer 
P

0 
before peer pb if peer p

0 
has assigned more 

image locationstoc•than peerA. lncaseofUFS, 
d1is information gets lost. Here, peer A with 
fewe r image locations assigned to c• might be 
selected before peer p Although there might be • 

0 

cases where such a strategy will lead to better 
ranking selectivity, these cases will be excep-
tional. 

For the Geoflickr collection (Figure 4. left), 
both HFS and UFS perform better than BB and 
GRID. Interquartile ranges ofUFS and HFS are 

10 



Describing and Selecting Collections of Georeferenced Media Items 

Figure./. Ranking selectivity for different approaches 
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much smaller than fo r GRID and especially BB. 
GRID offers better ranking selectivity than BB. 
ln addition to the average number of contacted 
peers (cf. Blank & Henrich, 20 I 0), also median 
and 75th percentile of GRID are clearly below 
corresponding values for 88. Also interquartile 
range is smaller. Nevertheless, at least for some 
queries, it is very difficult for GRID to offer 
adequate ranking selectivity as indicated by the 
ma.ximwn value of almost 18%. This is the case 
for queries, which I ie in a very populated grid cell, 
i.e. a grid cell where many peers assign documents 
to. We therefore looked at queries, which offer 
poor ranking selectivity for GRID in more detail. 
It can be observed that many of these queries lie 
in cells where many ofthe documents reside, i.e. 
cells, which contain metropolises such as London 
for example. 

In case ofGeograph (Figure 4, right), the grid 
is not adapted to the boundaries of the Un ited 
Kingdom (ofcourse this can easily be done). We 
did not adapt it in order to show the effects of a 
skew distribution of geospatial image locations 
on a global scale . HFS and UFS are better suited 
for such scenarios than GRID, because they bet-

60% 
Geograph 

SO% 

40% 

30% 

20% 

10% 

eb i0% 
HFS UFS 86 GRID 

ter adapt to the data which is used. Also for HFS 
and UFS reference points are chosen on a global 
scale and are not restricted to the boundaries of 
the UK. They are selected from a Gazetteer and 
correspond to various locations from all over the 
world. 

Summaries based on a single bounding box 
per peer lack peer ranking selectivity and seem 
to be too coarse in order to be able to compete 
with HFS or UFS, but, bounding boxes can be 
represented in a very space efficient way. They 
require only 45 byte per resource description as 
can be observed from Figure 5. 

For both collections, HFS affords-on aver-
age-approximately twice as big resource descrip-
tions as UFS. If we take a closer look at the 
Geonickr collection, average summary sizes of 
UFS are slightly bigger than in case ofGRJD. On 
d1e other hand, further experiments show that 
even GRID with more cells (for example 96 rows 
and 192 columns)cannotoutperform UFS in terms 
ofrankingselectivity.GRID contacts on average 96 
more peers than UFS8192 in order Lo retrieve the 
Top-20 with a bigger average summary size. 
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Figure 5. Average summa,y sizes for different approaches 
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A more detailed analysis ofranking selectivity 
fo rHFS and UFS is displayed in Figure 6. It visu-
alizes the number of contacted peers ford i ffe rent 
values of n. Medians in case of HFS are always 
smaller than in case of U FS. It can be confi rmed 
that HFS outperfonns UFS. But, performance 
gaps decrease with increasing values of n. Dif-
ferences in peerrankingselectivity diminish with 
increasi ng n, since the corresponding histograms 
become more and more similar with many zeros 
and some summary bin values set to I. Ofcourse, 
fo r H FS, the values ofsome summary bins might 
sti ll be bigger than l, but with increasing 11 this 
becomes rarer and rarer. Also interquartile ranges 
fo r HFS and UFS become more and more similar 
when increasing 11. This indicates that ranking 
selectivity ofHFS and U FS equal more and more. 

In the following, wewill limitourselves to the 
analysis of UFS si nce th is approach seems to of-
f ersa good compromise between ranking selectiv-
ity and summary size. In order to fu rther trade-off 
these two facto rs under the influence of other 
aspects, we refer to the general cost model pre-
sented in Blank and Henrich (2010) for a more 
detailed analysis. 

88 GRID 

Obtaining the Reference Points 

For obtai ning the reference points. we employ 
Geonames gazetteer(http://www.geonames.org/) 
as well as United Nations· per country statistics 
obtained through Worldmappcr (http://www. 
worldmapper.org/). With in this chapter, we focus 
on statistics about men's income, Gross Domestic 
Product (GDP), population and WWW usage. 
Various other statistics are evaluated in Blank 
and Henrich (2010). Based on the statistics we 
proportionally select the number of reference 
poi nts from ace11aincountry. Referenccpointsare 
selected amongst all popu lated places ofa certain 
country at random. So, for example, if x% of the 
wortd·sGDPcomesfrom a certai n country,xo/oof 
the reference points are random lychosen amongst 
all populated places of the specific country. 

Figure 7 shows ranking selectivity in tenns of 
the average fraction of peers which are contacted 
in order to ret rieve the top-20 image locations. 
We plot UFS results for different values of11. An 
analysis of HFS offers similar characteristics and 
is omitted here fo r reasons ofbrevity. We can see 
that the strategy based o n GDP performs best. 
Th is confirms the finding in Blank and Henrich 
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Figure 6. Ranking selec:lil'ily <!/HFS ancl UFS.for cl![ferenl rnlues <!{11 
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(2010) where only small values of n were ana­

lyzed. l t  should be noted here that we used the 

GDP-based approach in the precedingexperiments 

of this chapter. 

Analysis of Distance Measures 

1 n our experiments, the 20 closesl image locations 

according to a given query Iocation are always 

computed using Vincenty distance (Vincenty, 

1975) in order to achieve good accuracy, since 

we are interested in the "true" nearest neighbors. 

On the other hand, in our algorithms we have 

used Haversine distance (Sinnott, 1984) which 

is computationally more efficienl than Vincenty 

distance at the price of computing Iess accurate 

distance values. Whereas Vincenty distance is 

based on an ellipsoidal shape of the earth, Ha­

versine distance assumes a spherical model. In 

addition to Haversine and Vincenty distance, 

we analyzed two versions of Euclidean distance 

(the use oflat/lon-pairs as 2-dimensional vectors 

as weil as 3-dimensional vectors resulting from 

a projection of the lat/lon-coord inates onto a 

sphere ) .  These distances might be used in order to 

further approximate distance values and speed-up 

query processing. As for Haversine distance, we 

use a rather coarse earth radius of approximately 

6731 km. We observed in experiments that all 

approaches otfer similar retrieval performance. 

Hence, it is sufficienl to apply Euclidean distance. 

In the following section, we will describe 

how geospatial resource description and selection 

techniques, which were presented and evaluated in 

the preceding sections, could be applied in differ­

ent application fields. By doing so we will show 

that their use is not limited to the P2P IR domain. 

Resource Descriptions and 
Selection Techniques in 
Different Application Fields 

In addition to P2P IR, geospatial resource summa­

rization and selection techniques can also be used 

in traditional d istributed IR appl ications. Personal 

meta-search is a novel application of distributed 

1 R, where all the online resources of a person are 

queried. Web users frequently administer various 

e-mail accounts, bookmarks ofweb pages, image 
collections, databases, etc. These resources are 
typically heterogeneous in size, media type and 
update frequency (1l1omas & Hawking, 2009) pos­

sibly requiring space efficientand at thesame time 
selective(geospatial) resource descriptions. Thus, 
applications might be built providing a unified 
search service (similar to a meta-search engine) 
over all these resources. This could prevent web 
users from the time consum ing task of querying 
all resources "manually." 

Spatial Data I nfrastructures (SOis; forageneral 

description see for example Nogueras-lso et al. 

[2005]) might also be an interesting application 

field for geospatial resource description and selec­

tion techniques. Chen et al. (2010) identify three 

critical problems with currentsolutions which are 

for example based on the Catalogue Service for 

the Web (CSW; http:!fwww.opengeospatial.org/ 

standards/cat). First, server-based solutions offer 

the problem ofa single pointoffailure. Second, it 

is the task of the users who search for services to 

identify the proper portal. Third, users who want 

to provide data have to find a suitable portal to 

register to, which mighl also be a time consum­

ing task. In order to overcome these issues, it is 

broadly recognized that P2P technology might 

be beneficial for the discovery of geospatial web 

services and the publishing of geographic data 

(Xiujun, et al., 2006; Chen, et al., 20 IO). W hat 

remains is thequestion for the best P2Ptechnology 

in the context ofSDls. Due to the high maintenance 

costs ofstructured solutions with nodes joining or 

leaving the network, Chen et al. (2010) argue for 

a hybrid solution. lnitially nodes join an unstruc­

tured network and only if the node stays in the 

network for a longer time period, it can move to 

the structured network. While the administration of 

lat/lon-coordinates in a structured network m ight 

for examplc be based on a quadtree-like (Chen, 

et al., 2010) or R+·tree-like (Xiujin, et al., 2006) 

structure, or a space-filling curve based mapping 
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to one dimensional values (Memon, et al., 2009), 
the unstructured part of the network might use 
a resource description and selection based ap-
proach for web service discovery. Here, rather 
than minimum bounding boxes such as in case 
of (Xiujin, et al., 2006), grid-based or Yoronoi-
based space partitioning schemes as presented in 
this chapter might also be beneficial to represent a 
geospatial web service profile. Such profiles might 
be generated by different resources/peers by the 
invocation ofthe getCapabilitiesO method which 
is defined by many OGC standards such as Web 
Map Service (WMS; http://www.opengeospatial. 
org/standards/wms), Web Feature Service (WFS; 
http://www.opengeospatial.org/ standards/wfs ), 
or Web Coverage Service (WCS; http://www. 
opengeospatial.org/standards/wcs). Currently, for 
example in case ofWCS and WFS, Yoronoi-based 
coverage summaries are not intended. 

Resource description and selection techniques 
might also be applied within sensor networks 
(Elahi, et al., 2009). In sensor networks, limited 
processing power, bandwidth, and energy capaci-
ties necessitate aggregation techniques which are 
based on local information with a clear focus on 
space efficiency. One might think of in-situ or 
remote sensing applications, which aggregate 
and summarize gathered data before transmitting 
them in the network. 

Lupu et al. (2007) present an approach for 
infonnation sharing in mobile ad hoe networks. 
When people meet at certain events or places only 
for a limited amount of time, there might not be 
enough time to transfer full index data when a 
person for example searches for media items in 
the proximity of a given query location. 

Compact geospatial resource descriptions 
might also be valuable for focused crawling 
(cf. Ahlers & Boll, 2009). If a service provides 
summaries of the geospatial extend of a certain 
website or media archive, a crawler could esti-
mate the potential usefulness of this resource for 
its focused crawling task before actually visiting 
the source. This way, crawl efficiency can be im-

proved by preventing the crawler from analyzing 
too many irrelevant pages. Web traffic imposed 
by downloading large irrelevant data volumes can 
thus be avoided. 

Distributed IR techniques can also be used 
for vertical selection within aggregated search 
(Arguello, et al., 2009). Vertical selection is the 
task of identifying relevant verticals, i.e. focused 
search services such as image, news, video or 
shopping search. A user issuing the textual query 
"Beatles Hamburg" might also be interested in 
music videos captured in Hamburg and thus the 
results of video search or small previews should 
be integrated in result presentation of classical 
web search if video files match the geospatial 
restriction. In this context, a vertical can be in-
terpreted as a resource and the task of selecting 
relevant verticals is similar to resource selection 
in distributed IR requiring adequate features, i.e. 
resource descriptions, and corresponding selec-
tion mechanisms. 

Space efficient geospatial resource descriptions 
might also be beneficial in the context of recom-
mender systems and social search for example in 
order to compute the similarity between different 
users of social network sites. Similar users can 
be determined not only based on having the same 
friends, using the same tags, bookmarking the 
same media items, etc. (Guy, et al., 2010), but 
also depending on the similarity of geospatial 
footprints which are obtained from the media 
items a user administers. 

For many scenarios, it might be necessary to 
enhance the basic description and selection tech-
niques presented in this chapter in order to sum-
marize for example trajectories or more complex 
objects such as polygons. Also in this context, the 
literature on multidimensional and metric index 
structures provides a good starting point for further 
studies (cf. Samet,2006). Many multidimensional 
access methods are capableofadministering lines 
and polygons, which are aggregated for example 
in the inner nodes of tree-based access methods 
in an adequate way. 

https://opengeospatial.org/standards/wcs
http://www
http://www.opengeospatial.org
http://www.opengeospatial
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FUTURE RESEARCH DIRECTIONS 

So far, our heuristic approach Jacks the avail­

ability of an adequate stopping criterion. 1 n our 

experiments we analyze how many peers need 

to be contacted in order to retrieve the 20 closest 

locations according to a given query location. Of 

course, we could use these empirical findings in 

order to derive a mechanism which tri es to guar­

antee that for example in 90% of the queries all 

20 nearest neighbors can be found. Nevertheless, 

we doubt if such an approach adapts to differ­

ent media types and collection sizes. TI1us, it is 

necessary to design algorithms for k-NN query 

processing which can successfülly prune peers 

from query processing if they do not contribute 

relevant documents. 

Another interesting aspect might be to further 

optimize the GRID and BB approaches. For BB, 

techniques, whieh use more than one bounding 

box per resource, might be promising (cf. Becker, 

et al., 1991; Chen, et al., 2006). For the G RIO 

approach, triangular partitions as weil as a parti­

tioning which results in cells of equal size might 

be considered ( cf. Szalay, et al., 2005; Putman, 

et al., 2007). 

lt might also be interesting to further analyze 

ranking selectivity when very remote places on 

earth are used as query locations. lf they repre­

sent places in certain countries with low GDP, 

this might lead to a loss in ranking selectivity for 

UFS and HFS. In these cases, other strategies for 

obtaining thecentroids might beused. In addition, 

88 or GRID might be better suited in such cases. 

As mentioned before, we also plan to use UFS 

and HFS to enhance centralized index structures. 

In general, there is a need for resource descrip­

tion and selection techniques based on local image 

features. Here, image content is represented by 

several feature vectors per image. Local features 

are also used in video retrieval. A further research 

direction might be to apply HFS and UFS in this 

context. 

Since resource selection techniques for text 

and media content information are available, one 

might take a closer look at combined queries. 

l f  a user queries for "Beatles Hamburg" it is 
not suflicient to rank peers high, which contain 
documents addressing the Beatles or the city of 
Hamburg. A user might expect documents which 
match both criteria. 

CONCLUSION 

In this chapter, we have outlined different P2P 

approaches for the large-scale adm inistration 

of media content. We identified geospatial in­

formation as an important search criterion and 

discussed how itcan be applied in thc various P2P 

approaches. Later in the chapter, we presented 

and evaluated different resource description and 

selection techniques for geospatial k-NN queries 

and identified UFS as a prom isingapproach. Here, 

binary histograms are used which capture if a 

certain reference location is closest to one or more 

of a resources media locations. We also outlined 

how UFS can be applied in a P2P scenario. In 

addition, we qualitatively argued that geospatial 

resource description and selection techn iques such 

as UFS might also be promising in various other 

application fields. 
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KEY TERMS AND DEFINITIONS 

Peer-to-Peer (P2P) System: A P2P system is 
made up ofdistributed resources (i.e. computing 
devices) which cooperate in order to provide and 
consume certain services in a decentralized fash-
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ion. In contrast to traditional client/serversystems, 

a peer can act as both, a client and a server. 

Peer-to-Peer Information Retrieval (P2P 

IR) System: A P2P system with a focus on the ad­

ministration and retrieval of media items. Hereby, 

content-based infonnation retrieval techniques are 

applied in order to search for media items. 

Structured P2PIR Systems: P2P IR systems 

which are based on distributed index structures 

with distributed hash tables (DHTs) being the 

most prominent class member. In structured P2P 

IR systems, every peer is responsible for a certain 

region ofthe feature space. 

Unstructured P2P IR Systems: In contrast 

to structured P2P IR systems, connections in un­

structured P2P IR overlays do not emerge from 

a distributed index structure and are thus formcd 

more arbitrarily. Here, every peerusually admin­

isters the index data of its own media objects. 

Resource Description: An important task in 

distributed IR which provides the basis for query 

routing. The resources have to describe their con­

tent in an adequate way--optimizing thetrade-off 

between selectivity and space efficiency of the 

data summaries ( also ca! led resource descriptions ). 

Resource Selection: The processof detem1in­

ing the order in which d istributed resources should 

be contacted to fulfill a certain information need. 

Besides knowing the order in which resources 

should be contacted it is also important to deter­

mine when it is no longer beneficial to contact 

further resources. 

Summary: The term summary also refers 

to resource descriptions. l t  emphasizes the need 

for space efficiency of the resource descriptions 

in certain application contexts, e.g. unstructured 

P2P IR systems. 
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