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Abstract

Information retrieval tasks in the geographic domain rely otuéannotation of georeferenced
information objects. These information objects can be annotated &fithemces to spatial
objects contained within the corresponding geographical footprint. Nahelspatial objects,
however, describe the essential attributes characterizingedgin@nr In this paper, we present a
method to calculate the descriptive prominence of categories tidlsggects in a given region
and select a subset for the characteristic description of gienrel'he method is demonstrated
on three datasets of points of interest and an artificial daimasted as a benchmark. The
method reduces the number of categories describing regionscagtlifi p<0.001). We further

illustrate the results qualitatively for three regions charaeeriz text.



1 Introduction

Venice is often characterized by references to the networanafls that criss-cross this ancient
town, as well as its fine palaces (e.g., (Lonely Planet, 2007)»s Da¢ mean that there are no
shops or cafes in Venice? Clearly not, but it is canals andgsathat set Venice apart from
other European cities—and thus a description including these attributes aty is one which

is both succinct and effective—key elements of communication. In h#nguage it appears
that people frequently characterize geographical-scale refiymseferences tepecific spatial
objects (e.g. the Eiffel Tower) d&inds of spatial object (e.g. parks) found within regions. The
specific objects or object kinds, chosen to characterize a regosebacted from a plethora of
possibilities available to the person describing a region, and aredewts for some given

purpose, to be those relevant to the description’s recipient.

Given that it is possible for humans to effectively and evocatiiedyacterize a given region,
then we can ask the question, what are the properties of sudiipti@ss, and can they be
formalized in order to automatically describe geographic regioms?method with such
capabilities could then be used to automatically generate plgsesi of increasingly common
georeferenced information objects. For instance, the Mamrealdyked Information System
(MaNIS) system provides access to georeferenced data desaitimgl specimens, sourced
from seventeen North American research institutes (Stein &cxtfiek, 2004), whilst Flickr
(http://www.flickr.com/) stores increasing numbers of georef@drimages. In both cases, we
can ask the same question—given a particular spatial dataset,ecaelect specific spatial
objects or kinds of spatial objects which well characterizerglgeon related to an individual
specimen record or image, in order to identify appropriate infeomatbjects related to this

regions?



Prominence has been previously identified as a strong indicatdewvénee (Section 2). We
therefore hypothesize that descriptively prominent objects wobtneffectively characterize a
region. The research presented thus focuses on the identificatiorsaiptieely prominent
categories of spatial objects. The approach adopted is based on th# obsedience, and relies
on the analysis of relative distribution of categories of spaligcts in space. A novel definition
of descriptive prominence is introduced, considering not only rargarads of spatial objects,
but also those that occur frequently and contribute to the charadtex oégion (Section 3). In
this paper, we propose and test a method to identify descriptivelyn@onuategories based on
the assessment of the distribution of spatial objects in a Herakrcpartition of space
(Section 4). The statistical properties of the method are demaastratpoint of interest (POI)
datasets from The Netherlands, UK and Switzerland, and comparedattifigrally generated
dataset from (Tomko & Purves, 2008) (Section 5). Finally, a qualitatiaiaion based on
human-generated characterizations of regions sourced from literaiks and the Web is
presented in Section 6. The paper concludes with a discussion of the amsusuggestions for

future work (Section 7).

2 Background

2.1 Referring Expressions and Attributive Descriptons

Descriptions are a form of verbal communication intended to identifyolgect (referring
expressions) or characterize its properties (attributive estprey (Ludlow, 2008). Referring
expressions aim to uniquely identify a specific instance of aecblgr phenomenon among

other, similar objects. By contrast, attributive expressions deaize an object or phenomenon,



that is, describe what it iske (Donnellan, 1966). While such expressions communicate the

object’s properties, they may not suffice to uniquely identify the object in mind.

While the construction of referring expressions has been extensively studiechpytational
linguists, proposing algorithms to identify objects through identiboabf their discriminating
properties (Dale & Reiter, 1995; Krahmer & Theune, 2002), attributiverigéens have
received little attention, mostly aimed at their linguistiorialization (Green et al., 1998; Nebel

& Smolka, 1991).

A common need for attributive descriptions is verbal communication aboutvenbally
acquired information, such as describing a meal, picture or ted/igeographic region. Such
objects may be described in terms of their properties, as iaxdmaple of Venice. Hence the
need to identify properties of the object described relevant facaimposition of characteristic

descriptions.

2.2 Prominence, Relevance and Spatial Descriptions

GlIScientists have mostly focused on uniquely identifying locationgzase of referring
expressions, through references to specific spatial objectsoatoin’s proximity (Plumert et
al., 1995; Tomko & Winter, 2009). A comparative study of spatial depicaodsdescriptions
pointed to the hierarchical organization of the descriptions as adaraftthe prominence of the
specific spatial objects referred to (Taylor & Tversky, 1992prdMprominent spatial objects
were included in the descriptions prior to local ones, and as suchntecksanchors for

subsequent more detailed descriptions.

Prominent spatial objects are highly relevant elements ofagjgatinmunication, as explored

in the context of visualization and in route direction communication iffatir& Goldsberry,



2005; Nothegger et al., 2004). In communication theory, the relevance of atikmnns defined
as a function of the cognitive effort its processing requires, aneftaets resulting from its
processing, related to the goal of the information recipient Bp& Wilson, 1986). Hence, in
spatial communication we can decrease the cognitive effort ofnfbemation recipient by

prioritizing references to prominent spatial objects.

In turn, prominence of an object is granted by its visual, strdaiusemantic salience which
distinguishes it from the remaining objects in the set. The smses of salience has commonly
been applied to landmarks, both in electronic and urban environments, oftendontext of
wayfinding (Nothegger et al., 2004; Sorrows & Hirtle, 1999; Tezuka & K@ana005). These
approaches focused on the identificationirdividual salient spatial objects, prominent for
example, due to the visual salience of their facades. Such apmwoeahebe considered to
identify prominent and thus relevant spatial objects for referexygressions, which aim to
uniquely identify some region within an enclosing region. However, ashave seen,
descriptions of regions often refer tonds of spatial objects—that is to say Venice is
characterized by having canals and palaces which are promimntespect to Venice in
comparison to some other, enclosing, region. Such descriptions are esaphphttributive
expressions and, to our knowledge, have been the subject of little f@sealch in GlScience.
It is however worth noting that the field of generalization inmihicdas many parallels with the
formation of attributive descriptions at the level of the spatish daemselves (Regnauld &

McMaster, 2007).

Within the information science community, the notion of specific abjaod kinds of objects
is reflected in the Shatford-Panofsky matrix (Shatford, 1986) whashfours facetsvho, what,

whereandwhenand three modes: tlspecific of thegeneric ofand theabout This matrix has



commonly been used to characterize image metadata and quetieswherefacet, thespecific
of relates to references to individually named geographic locatiodsscribe a georeferenced
information object (e.g. a photograph tbe Eiffel Towey, whilst thegeneric ofis concerned
with kinds of spatial objects (such &mwver). Finally, theaboutrefers to more abstract notions
conveyed by a location and is not further discussed. In the remaintles plaper, we explore
the possibilities of identifying the characteristic propertiegeographic regions in terms of the
generic ofmode of the Shatford-Panofsky matrix, in the scope of attributigpeessions which,

we argue, are a potentially important way of describing images and othenation objects.

3 Characteristic Descriptions of Regions

A hypothetical complete attributive description of an object contafesences to all properties
of the object. In the case of a region—a bounded geographic footprintwahisl imply
references to all spatial objects found within. Most of the spathiglcts thus described would be
irrelevant. As we have seen, in human-generated descriptions of segiay references to

prominent spatial objects are included.

We call such descriptionscharacteristic geographic descriptionsA characteristic
geographic descriptiorcontains only references to selectel@scriptively prominenspatial
objects in a geographic region. While the prominence of individualaspaljects can be
determined by assessing their visual properties (Notheggerl.,et2@4), characteristic
descriptions of regions also contain references to kinds, or cate@Bosch, 1978), of spatial
objects. While such description may not uniquely identify a giveiomegve suggest it provides

a good characterization of the nature of the region. We further gubgeshis characterization



is provided in a spatial context—the descriptive prominence of kinds t&lsphjects is the

result of contrast with the content of a larger, containing region.

Consider once more our example of Venice characterized in teritssaainals and palaces.
Canals present a commonly occurring type of spatial objectéenice, while they are not so
common in the rest of Italy or, for that matter, Europe. Shgildhe density of palaces in

Venice is high and thus they are relatively more common in Venice then in darsdirigs.

Applying the concept of contrast from background, we can evaluate eqeeficy of
occurrence of a category in a given region, relative to its caocerin the surroundings of the
region. The variation in occurrence grants contrast from backgrourntégoc@s can be either
over or under-represented in a given region, relatively to therowsudlings or containing

regions.
We define relative over-representation and under-representation as follows:

Relative over-representation of a categorya categoryc is relatively over-representeith a
region A* if and only if the probability of the occurrence of an object oégatyc in the

regionAXis higher than the occurrence of an object of categora containing regio&

Relative under-representation of a categorya category is relatively under-represented
region A* if and only if the probability of the occurrence of an object oégatyc in the
regionA* is lower than the occurrence of an object of the categorya containing region

A



Striving to minimize effort and remain relevant, people do not ré&demissing, under-
represented or otherwise insignificant properties in their desergp(Grice, 1989; Sperber &
Wilson, 1986). Descriptively prominent categories of spatial objeettharefore only those that

are relatively over-represented in the region described.

This can be illustrated by the example of the catebasystopsn Venice: as a consequence
of Venice’s geography, bus stops are scarce in Venice comaiteel test of Italy. A bus stop is
therefore not a category with descriptive prominence for Venice.eMenyif only a single bus
stop exists in Venice, within a particular district of the city, then thiggoayas over-represented

for the district with respect to Venice, and is thus descriptively prominent idisigct.

Note that the concept of over and under-representation is defined inofuraft the
probability of occurrence of a category and is therefore a vabuemalized to the category’s
occurrence in a containing region. Furthermore, while a categorgecaver-represented in two
regions X and Y, the number of objects belonging to this categagybe vastly different in the
two regions, depending on the occurrence of other categories inréspective reference

regions.

Also note that we are only considering the descriptive prominencatefjories of objects.
Thus, while a specific spatial object may be prominent as at r@lSuk visual, structural or

semantic properties, the category of such objects may not be descriptoraipgmnt.



4 Method: Identification of References for Characteistic
Geographic Descriptions

Our method to identify descriptively prominent categories is basethe application of the
concept of contrast in spatial distribution of categories of spatjalts in a given region and its
surroundings. While it is proposed for point-like spatial objects, iilg$$nto a finite number of

discrete categories, extensions to other types of spatial ®lgect classifications may be

possible.

4.1 Occurrence Cases

Let Al, A2, A® be hierarchically nested geographical regions of progressivedyles size,
whereAl is the largest and® is the smallest region, and the larger region always follgrs the
smaller one. We base the extents of these regions on theictm®jsize relative to the human
body following Montello’s scales of psychological spaces (Mont&éB®3):vista, environmental
and geographical Then, Al is a region at the scale of geographical space, and cannot be
apprehended by an observer from a single location or by locomotibe givien space in a finite
time (for example a country or a large city). The regd@iis at the scale of environmental space,
and can possibly be learned by locomotion of the observer (such aghbanBood). Regiod®
IS an instance of vista space, and it can be explored either feangla vantage point or with

limited locomotion of the observer (such as a city square or street).

We assess the descriptive prominence of an object by complaeifiggquency of occurrence
of a category in three hierarchically nested regions. The awopaover three granularities

allows the consideration of the spatial variation of occurrehegpbenomenon classified. While



the use of only two granularities — the region described and a pejoof the whole area of
interest — may provide an indication of the descriptive prominentieeafategories found in the
smaller of the two regions, the spatial variation of the cayegatside of the city cannot be
evaluated. Local variation in occurrence may, however, significaifithnge the descriptive
prominence of a category. Consideration of such local variationategory occurrence is

therefore important for more detailed descriptions of regions.

Imagine one of the small Channel Islands off the British ¢cogstally with very few streets
and roads. Describing the character of a specific part ofobrthose islands based on the
categories of spatial objects present, with relations to theewdidhe UK may assess a street as
descriptively not prominent. Should an interim region equivalent to thedstself be included
in the comparison, the specific character of the island — theveelack of roads — becomes
much more prominent and the street or road in question is evaluatledaptively prominent
(“... this is one of only three roads on this island...”). While additiomahgjarities could be
added, the number of possible combinations would increase exponentiallygdralieve that
the resulting combinations would not be cognitively tractablieey tvould lack coherence and
would be difficult to characterize verbally. Hence, we sugdpsethierarchically nested regions

be considered for the identification of descriptively prominent categories tedlsggects.

The combinations of over or under-representation of a categagcht granularity can be
typified into eight cases (Table 1). Over or under-representatitw gobal level is determined
by comparison with the mean probability of occurrence of a categidh respect to the total
number of spatial objects within the global region. For instance, in Figure 1, the mealnilgyob
of occurrence of any category is 1/3. The eight cases frgard-iL can be verbally characterized

as follows:



Case 1(Figure la)c is over-represented in the regidf as well as in the larger regioA$
and globally AY). Instances of categoryare common and typical for the region described,
and thus descriptively prominent, although they are not a distinguighomerty of the

regionA® described.

Case 2(Figure 1b): The categonyis under-represented in the regions of all granularities,
and it is comparatively the least frequent in the region dexstrilt does therefore not have

descriptive prominence for inclusion in its characteristic description.

Case 3(Figure 1c)c is under-represented in the regidi) while it is over-represented in all
higher order regions. Thus,is globally a common category, but it is comparatively less
frequent in the regions described, and is therefore of low descriptorainence for the

characterization of the regidt.

Case 4 (Figure 1d): The categorg is a globally under-represented category, while
comparatively more common in the limited regiéh The references to the categarare
highly descriptively prominent and thus suitable for the chaiatiterdescription of the
regionA>. Note that the categoryneed not be abundant to be relatively over-represented in

A,

Case 5(Figure 1e): the categonyis globally common, while rare in the larger regitsh
surrounding the regioA® described. It is thus a spatial enclavecoh the regionA3. The
categoryc may be an instance of a geographically extreme occurrene@ otherwise
common object category. The categoris descriptively prominent for the characterization

of the regionA® in the context of the regiof?.



Case 6(Figure 1f): the instances of categargre geographically isolated in the regiéf
where they are common and typical. They are, however, undererfgésn its subregion

A3 and thus of low descriptive prominence for its characteristic description.

Case 7 (Figure 1g): The categorg is globally a common category, but it is under-
represented in the regidkf and even more so in the regidf described. It is therefore not

descriptively prominent, hence not relevant for the characteristic deserigtthe regio>.

Case 8(Figure 1h): While globally under-represented, the categasyover-represented in
the regionA® described, as well as in the regiaf surrounding it. The occurrences of the
categoryc in the regionA® represent a significant part of the global population, @nd are

thus descriptively prominent for the characterization of the refion

4.2 Classification of Descriptively Prominent Cases

Occurrences of categories that are globally over-represented datlases @+ + +), 3(+ + -), 5(+ -

+) and T+ - -), where objects classified under Case 1 and Case 5 are alseesented in the
regionA>. They thus represent the most common objégtécal for the containing regions and
the region characterized. Case 1 is descriptively more prominent theb,@asiés probability of

occurrence is high already in the regichakd highest in regioA®.

Globally rare objects belong to the categories classified usd@s® - -), 4(- - +), 6(- + -)
and & + +). Here, Case 4 has the highest descriptive prominence. It agptagegories which
are globally rare, but are over-represented within the regforSimilarly, Case 8 is of high

descriptive prominence, although it occurs relatively more frequently in batmsayf andA3,



The descriptively prominent occurrence cases can be furtheifiethgato cases where a
category’s prominence is the result of its rarity (Case 4) and &- + +)) or by contrast, its

typicality (Case i + +) and %+ - +)), as described in the following examples:

Examples for Cases of typical categories:

Case 1.cis the category of sand dunes in a sandy desert.

Case 5:cis the category of trees (a park) in the middle of a city.

Examples for Cases of rare categories:

Case 4:cis the category of canals in Venice (a globally rare occurrence).

Case 8:.c are palaces in Venice, described in the context of Europe (anh@sd@mnum within

Italy).

4.3 Annotations of Regions

Consider the example of a regian containing objects of categoried, c5 andc7. For the
purpose of information retrieval, the region could be annotated by tresponding term vector
v(X)={c1, c5, c7} (Salton & Buckley, 1988), including references t@fthese categories. Our
goal is, however, to reduce the term vector in order to improveeteeance of annotation,
hence provide references only to the descriptively prominent cadsgdkssume that the
classification of the categories from the vector v(x) intoesponding occurrence Cases is as
follows: case¢$x)={Casel, Case6, Case8}. Since only objects belonging to categbreesdc7

are classified as descriptively prominent (Cagest+1+) and §- + +)) the resulting reduced term

vectorv'(x)={cl,c7} can be used to characteristically describe regiorhe difference in length



between the full term vector and the reduced term vector iglallieotation reduction, and can

be expressed as a percentage of the length of the full term vector.

Depending on the length of the resulting reduced term vectortherfueduction is possible
by excluding Cases(®s - +) and §- + +) from inclusion in characteristic descriptions. Categories
of spatial objects classified under Cases 5 and 8 are stilligtesgly prominent, but not as
prominent as those classified under Cages+1+) and 4- - +), as illustrated in Section 6. In

Section 7, methods allowing further reduction of the term vectors are suggestedrionfork.

5 Method Testing and Results

5.1 Experimental Dataset

The method outlined above was tested on three POI datasets, EeteoS#etor, derived from

the Teleatlas MultiNét' dataset. The datasets covered the regions of Cardiff, UK; North
Holland, The Netherlands and Zurich, Switzerland. These containingnseepresented the
regionsAl. The regions of granularit§® were constructed based on the Eurostreets Settlements
layer, containing toponym centroids of towns and suburbs. The regionsuitras Voronoi
polygons around these centroids. Finally, the regidhsf finest granularity were created as
circular buffers with a radius of 260 around a set of randomly distributed seed points.
Approximately five to ten such regions were created in #ackgion, but only those containing

at least one POI were characterized. Figure 2 shows an exafglich a tessellation of space

for the region around Zurich and the randomly generafe@dions.

The frequencies of the individual categories in each datasdt@sm $n Figure 3a, b and

c. The frequencies of categories in the individual datasets fotigstinct long-tailed



distributions—a few categories of objects occur with frequencgtehiby orders of magnitudes
compared to the frequency of the other represented categor@bemwords a large number of
categories, representing however a small proportion of thertotaber of spatial objects, are

relatively rare and thus may also be prominent in given regions.

As the definition of over-representation or under-representationgetatbe probability
of occurrence of a category within a given region, the dataast satisfy several conditions.
The spatial variation and frequency of POls in the dataset shoelxtchesively the consequence
of the real world distribution of objects of that category. P@skts are, however, the result of
a complex, biased and error prone process of spatial data acquasitiotiassification. Thus,
intentional or unintentional collection bias must be expected, as aqumarece of for example,
cartographic generalization, classification errors or biasssltmg from commercial interests.
We expect that with the growing amount of volunteered geographicmafmm available

(Goodchild, 2007) more complete datasets meeting our assumptions may becaadeavail

Because of the inherent biases in the POI data, we credimath, artificial dataset for
reference, with characteristics similar to those observebearEuroStreets datasets, but which
met our assumptions about the spatial variation and frequency aof IR@kticular, the dataset
also follows a skewed, long-tailed distribution with a small nunadberery frequent categories
and larger number of rare categories of POIS. While thiscpéati artificial dataset follows a
power law distribution, note that we make no claims about the exagenaf the long tailed
distributions in real world POI datasets. This would requiregefaset of datasets and is beyond
the scope of this paper. To simulate spatial correlation of occercérabjects within categories,
objects from each category were generated around categorypsé@dd with a random

distribution in 2D space. Note that in real world, it is likelgtta particular category of objects



may be spatially correlated around more than a single location. Bgln@ws the characteristics
of these artificial data with respect to the EuroStreets d&fa, whilst Table 2 illustrates the

summary statistics for the four datasets.

5.2 Results

The occurrences of spatial object categories in @dclevel region in all four datasets were
classified into the eight occurrence Cases proposed. Based orasisisiction, the term vectors
consisting of references to all object categories occuiniray givenA® region were compared
with the corresponding reduced term vectors, containing only nefeseto spatial object

categories considered descriptively prominent for the given region.

The summary statistics of the category classificatiaméases are shown in Table 3. For
all datasets, most instances of common categories werdiethssmder Case 1. This is to be
expected for categories with even spatial distribution. Raretyrang categories are highly
likely to be considered descriptively relevant and classified u@dses @ - +) and & + +)
(compare to the probability of Casé 2-) and - + -)). This relationship is detected in all four
datasets, and is visualized as the ratio of categories ®dsa# descriptively prominent (Cases
1, 4, 5, 8) to the total number of categories in a given region @iurAs shown, the less
common a category, the higher is the chance that it will dssifled as descriptively prominent
and thus retained for inclusion in the reduced term vector. Globally rare casegdrihave high
descriptive prominence for a given region at the lé\felas their occurrence is highly unique.
Spatial objects belonging to these categories may represent cognitiver points for the region

described (Couclelis et al., 1987).



Note that the trend lines overlaid over the graphs in Figurew shdden increases in reduction
for certain categories (for example, objects of cate@arythe Cardiff dataset, or category 7 in
the Zurich dataset). This is due to a particular spatial loligion of POIs of these categories,
showing high spatial correlation. These POIs are then claksiiieler Case 3 and are not
evaluated as descriptively prominent. Similarly, this is the chsmategory 2 in the artificial

dataset.

The annotation reduction among globally over-represented categonesré frequent, but not
absolute. References to such categories are relevant aasméiby relate to typical categories in
the regions described. The summary statistics foAthregions and their categories are provided
in Table 4. The reduction in the mean number of categories consicesedptively prominent
per region is significant (t-tesp<0.001) and should therefore, we hypothesize, improve the
precision of information retrieval tasks performed on the resutogiced term vector. The
more diverse the content of a region, the more diverse its destrpiikely to be. For regions
with a high variety of categories of spatial objects, the reduction in nushbategories between
the full term vector and the reduced term vector is likely ttatgger. This assumption has been
observed across the datasets, as shown in Figure 5. Take for @fagyk 5a. The individual
lines show the number of categories that represents the diffdsetgeen the full term vector
and the reduced term vector. While for 100% of regiohthat contained only a single category
of spatial objects the annotation reduction was 0 (we always balesctribe the region in terms
of some objects), the reduced term vectors for regions containitegasit6 categories were

reduced by 1 category in approximately 50% of cases.

Figure 5 also shows the effects of the bias in the POI data-etitih Molland (Figure 5a), the

high total number of POIls allows the identification of trendslamto those identified in the



artificial dataset (Figure 5d) more clearly than in the sigtaof Zurich and Cardiff (Figure 5b,c).
The datasets of Zurich and Cardiff have a lower total numbe©Ots Bnd their distribution is
biased towards areas accessible by cars, due to the focus aditésets used on automotive
applications. The dataset of North Holland has a higher density lsf &1 is not exclusively
targeted to car drivers. Visual inspection shows that pedestrias aoaearticularly not well
covered and have a low density of POIs. The dataset of Cagdiffiln this respect, the most
incomplete coverage, which negatively affects the results. Natehe regions Awith a higher
number of categories (more then 5) represented is relatmelynl Zurich and Cardiff, which
explains the jagged trendline. This effect is also visibkendataset of North Holland, but only

appearing when the number of categories represented exceeds 13.

6 Evaluation with Human-generated Characteristic Rgion
Descriptions

The classification into cases shows identical trends foroall flatasets. In the following, we
gualitatively evaluate the method by applying the classiboatd regions with human generated
descriptions sourced from the Web and guide books. The regions werdiddesti as to

minimize the impact of the content bias of the datasets awail@blcar accessible urban
environment with a higher number of POIs available). We seléhtee streets for the following

discussion, and created a buffer ofrtb@round the corresponding named streets in order to

construct the\® regions.

Example 1: Hadfield Road, Cardiff

In this example, Hadfield Road in Cardiff represents thelsstalegionA® described, while its

containing suburb represents the regisnand Cardiff represents the regi®h The region is



described in a human-generated description as follbw®raw up, open the door, stroll ten
yards. That's what this is. Auto land. Hadfield is car showrooms run togetihéhe me-too

principle from Plexiglas beginning to crystal laminated en@kinch, 2004).

Full term vectorv(x)={Petrol Station, Car Dealer, Rent a Car Facility}.

Classification in occurrence casease$x)={Case 3, Case 1, Case 8}.

Reduced term vectovi(x)={Car Dealer, Rent a Car Facility}.

Restricted reduced term vectot(x)={Car Dealer}

The characteristic description includes a reference to theigtesgly most prominent category,
as identified by our classificationGar dealer As mentioned in Section 4.3, categories
belonging to Cases 5 and 8 are less descriptively prominent thenkblosiging to Case 1 and
4. Thus, we can further restrict the reduced term vec{pr into V'(z), in order to generate
shorter characteristic descriptions. The human generated chistectiescription only refers to
a single category, and thus not only the catefatyol Stationis omitted (considered irrelevant
for the characteristic description due to its low prominence), ma tle more prominent
categoryRent a Car facility Note that the author of the description was not restrictes flmte

set of categories sourced from a spatial dataset, and still the idboéftegory is identical.

In the second example, two similar regions set in different settings ansshksic

Example 2: Langstrassel) and Zaehringerstrasse %), Zurich

In this example, two well known streets of Zurich are discussadgdtrasse is the red-light
district of Zurich, found a short distance from the centre of townaamy from the main tourist

areas (Figure 6). Zaehringerstrasse is a street withasiotiaracter, but located in Niederdorf,



the tourist center of the town. In this example, the streetasilges represent the regiof$
described, the region¥ are operationalized as the respective suburbs of Zurich, anddhstlar

regionAl is Zurich itself.

Human-generated description of LangstrasseThis busy night-life street is crowded by pubs
and bars and you can find there about 10 strip clul§sttp://wikitravel.org/en/Zurich, accessed

on February 26, 2008).
The classification of the spatial data available resulted in the followingvectors:
* Full term vectorv(l)={Restaurant, ATM, Hotel, Pharmacy, Car dealer, Nightlife, Cinema}

» Classification in occurrence caseasefl)={Case 1, Case 1, Case 1, Case 1, Case 3, Case

4, Case 4}
* Reduced term vectov:(l)=v'(l)={Restaurant, ATM, Hotel, Pharmacy, Nightlife, Cinema}
Note that/'(I)=v"(l) in this example.

By contrast, Zaehringerstrasse is characterised as fdllows street to shop, relax and
discover” (www.zaehringerstrasse.ch, accessed on February 26, 2008, innGeruthors’

translation).

* Full term vectorv(z)={Restaurant, ATM, Hotel, Pharmacy, Nightlife, Cinema, Impafrta

tourist attraction}

» Classification in occurrence casease$z)={Case 1, Case 3, Case 1, Case 3, Case 8, Case

8, Case 4}



e Reduced term vectorv'(z)={Restaurant, Hotel, Nightlife, Cinema, Important tourist

attraction}

* Restricted reduced term vectot(z)={Restaurant, Hotel, Important tourist attraction}

Langstrasse is relatively close to the town center, and thay of the POI categories classified
and descriptively prominent are concentrated on this street. Thdydehsittractions around
Zaehringerstrasse is, however, higher than around Langstrasies, accounts for the more

frequent classification of category occurrences in Case 8.

Note the restricted reduced term veottz). As the region described is set in the historical
center of Zurich, the inclusion of the only occurrence of the éhagsrtant tourist attractioras
a descriptively prominent category is appropri@memasare abundant in the center of Zurich,
and hence this category, while still descriptively prominent, lessdied as Case 8.
Zaehringerstrasse has a particularly high density of hgedgiding accommodation for tourists
staying in the center of the city. Thus, the category hotelsis appropriately classified. Note
that the human generated characterizations often try to commuthieaéssence of the region
described (...a street to shop, relax and discovgér'wWhile the last reference may be directly
related to thdmportant tourist attractioninstead of references ®estaurantsandHotels the
references is made to activities that places afford. Waissthis phenomenon in the following

section.



7 Discussion and Conclusions

7.1 Discussion

The concept of descriptive prominence of categories differa the prominence of individual
spatial objects in its focus on relevant characterization of lohadbjects in a region. As such,
frequently occurring categories need to be considered and includdtiei description.

Traditionally, salience-based approaches would exclude referéaceommon categories. As
shown, the approach proposed reduces the inclusion of references tepresented categories,
but does not exclude them totally. On the other hand, instance®lyfoacurring categories are
consistently selected for the inclusion in characteristic rgegms, a pattern observed

empirically in human-generated descriptions.

Furthermore, the approach presented classifies all objects found discrete set of Cases.
Thus, no arbitrary threshold needs to be defined to identify prominémelevant occurrences.
The sensitivity of the method could, however, be modified by setiiresholds for category

over or under-representation.

Humans attempt to reduce effort, for instance by brevity innconication. Characteristic
descriptions of highly diverse regions therefore often typify éhesgions, and substitute
references to a typical mixture of spatial object categdnes single reference to a type of
environment (e.g., red-light district = bar, restaurant, nightif@pping district = mall, shop,
restaurant, car wash), or to the activities this environmeatdsff(tourist district = shopping,
relaxing, discovering). This substitution may be related to cogrotivaking (Miller, 1956), in
an effort to decrease the cognitive effort related to sgmtation and communication of the

information. This not only makes the direct qualitative evaluatiomeitethod proposed more



difficult, but remains a challenge for information retrievgstems in general. One possible
approach to identifying appropriate terms to describe groups of ocegglies in the
identification of related basic level categories (Tversky &nténway, 1983), through empirical

experiments and ontological studies.

7.2 Conclusions and Future Work

In this paper, we have introduced the concept of characteristic gbagrdescriptions as
attributive descriptions containing only references to the most pratmotgects found within a
region. Such descriptions often contain references to categoripatiafl ®bjects, in other words
the generic ofmode of the Shatford-Panofsky matrix. We introduce the concept afipiesc

prominence for categories of spatial objects, along with a methedaloate the content of
arbitrary regions for descriptive prominence. The method is statigt evaluated on four
datasets, and a further, qualitative evaluation is provided by cmopdo a small set of human
generated characteristic descriptions. The method proposed can Herusedconstruction of
characteristic descriptions of georeferenced information objextsh as photographs) in

geographic information retrieval systems (Purves et al., 2007).

As the method assumes that the spatial variation in occurrenceabégory of POI in the
dataset is exclusively due to the spatial variation of the caweerof the POI category in reality,
datasets have to be carefully analyzed for fithess for usegiwven region. It is assumed that
spatial datasets satisfying this condition will be more widelgilable in the future. While the
method presented is demonstrated only on datasets of POls, theoextdribe method to other
types of spatial datasets will be explored. This will resaltricher and more varied

characterizations of regions, for example, combining references to landegeries.



Further work will focus on a further reduction of the number ofgmates in the resulting
term vector, such as ontology-based generalization of object cagoriorder to provide
broader categorical descriptions. Furthermore, the combination cémeéss to salient categories
and salient individuals will be explored, as both types of refeseace necessary to faithfully

describe a region.
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Table 1Occurrence cases. + stands for over-representationunder-

representation.
Region Al A? A®
(small) (medium) (large)
Case + - + - + -
1 X X X
2 X X X
3 X X X
4 X X X
5 X X X
6 X X X
7 X X X
8 X X X




North Holland Zurich Cardiff Artificial
dataset
A2 regions 402 21 39 150
A3 regions 1235 53 110 1287
No. of categories 54 20 25 11
represented
Total No. of POls 3301 353 197 2463

represented in A3




Table 3Probabilities P of categories’ classifications ingses in individual datasets.
Descriptively prominent cases are Cases 1, 5, Band

North Holland Zurich Cardiff Artificial dataset
Occurences p Occurences p Occurences p Occurences p

Case 1 1980 0.672 105 0.568 121 0.621 1102 0.447
Case 2 2 0.001 0 0.000 0 0.000 8 0.003
Case 3 162 0.055 33 0.178 17 0.087 695 0.282
Case 4 132 0.045 10 0.054 13 0.067 79 0.032
Case 5 113 0.038 9 0.049 10 0.051 100 0.041
Case 6 4 0.001 0 0.000 0 0.000 75 0.030
Case 7T 5 0.002 1 0.005 0 0.000 18 0.007
Case 8 548 0.186 27 0.146 34 0.174 386 0.157
Total 2946 185 195 2463

Relevant Cases 2773 0.941 151 0.816 178 0.913 1667 0.677




Table 4 Summary statistics of category occurrence clasgiia

North Holland Zurich Cardiff Artificial dataset

Categories Max 15 Max 8 Max 8 Max 4

per A® region Min 1 Min 1 Min 1 Min 1

characterized Mean 2.4 Mean 3.5 Mean 1.8 Mean 1.6

o 2.13 o 212 o 1.56 o 0.97

Prominent categories Mean 2.2 Mean 2.8 Mean 1.6 Mean 1.1

per A3 region o 1.79 o 1.59 o 1.31 o 0.65
Annotation reduction

in % of A® regions 9.47 28.30 13.64 46.60
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lllustration captions:

Figure 1: Occurrence cases. The regiohidalways symbolized by the large square, region A
by the medium-sized opaque rectangle and the regidoy #he small shaded rectangle. The
category c discussed is represented by black opaque stars, while the hallesvacid and
squares represent instances of other categories present in the given rdgaragptibns of the
sub-figures present the shorthand notation for each of the cases, referring to tirauoder-
representation of the categarjn each of the regions'AA? and A respectively. Below the
shorthand notation is the probability of the categoirythe respective regions, where the total
number of objects in region'As 64, in region & 24, and in region A8. The mean probability

of occurrence of a category in regionhié alwaysl/3.

Figure 2: Outlines of voronoi polygons representing regioisife shown in thin black line,
regions A as grey circles, POls are represented by dots, and the two example regiossdiscus
in Section 6 are outlined in thick black line. Water bodies are light blue. Data (c)200&hGeoda

IT.

Figure 3: Distribution of categories per dataset. Categories are ordered frontontessst
frequent.
Figure 4: Percentage of regions in which a category has been evaluated asisieBcript

prominent, hence relevant. Categories are ordered from most to least frequent

Figure 5: The amount of reduction — difference in % between the length of the full termsvsector

and reduced term vectors for the individual datasets is correlated with tHedétige full term



vector. Each line represents a specified number of category reduction. Theategogies are

present in the full term vector, the higher is the reduction likely to be.

Figure 6: The map of POI distributed along Langstrasse, along with an illustrative péjotog
Label specification: R - restaurant, B - ATM, H - Hotel, A - PharmacyQar dealer, N -

Nightlife, C - Cinema.

Figure 6a: (a) Map of Langstrasse, Zurich

Figure 6b: (b) Photograph of Langstrasse, Zurich

Table captions:

Table 1: Occurrence cases. + stands for over-representafionyunder-representation

Table 2: Dataset statistics.

Table 3: Probabilities P of categories’ classifications into cases inicheal datasets. Descriptively

prominent cases are Cases 1, 5, 4 and 8

Table 4: Summary statistics of category occurrence classification



