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Abstract

Pervasive largescale infrastructuresuch as cell phone networltgve the ability to capture individual
digital footprints, and as a result, generddasets it provide a new vision on human dynamits this
context, cell phones and cell phone networks, due takiguity, can be consideredne of the main
sensors of human behavidrhe information collected by these networks can be used to understand the
dynamics of urban environments with a detail not available up to now. One of the areas that can benefit
from this information is urban plannindn this paper we present a technique for the automatic
identification of land uses from the informatigiatheredby a celtphone network. Our approach first
computes the aggregated calling patterns of the antennaaftardthat, finds lastess thatidentify how
individuals use each geographic regianGiven the inherent diversity of human activities in urban
landscpes, we useonsensuglustering to identify land uses, characterizing only those geographical
areas with well defined behaviord/e present and validate our results using cell phone recods
official land use dataollected for Madrid.
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1. Introduction

With the increasing capabilitiesf pervasive infrastructuresndividuals leave behind footprints of their
interaction with urban environmemtAs a result, n@ research areas, such as urban computing and smart
cities, focus on improving the quality of life by understanding city dynamics through the dateedrbyid
ubiquitous technologies P1. Of all these new data sourcegll phonetraces are becoming inagngly
important, due to the fact thathey contain valuable information on a variety of aspects of human
dynamics i(e. mobility, social networkshbehavioral patterns, etc.) for the best part of the population.

A city is inherentlya selforganized humadriven organization where individuals and their behavior play
an important role in definings dynamics. This implies that in order to efficiently modadity, individual
information is necessary in order to reflect thativities are at least in par each individuaks decision

[1]. The datasets captured by ubiquitous computing technologies inherently reflect individual information
relating tg among othergnobility and social dynamics. This fact represents a huge improvement when
we consider thatputo now data for urbaanalysishas been typically collectedsing surveys Such
approachks havea variety of limitations, mainly: (1) the increasing unwillingness of individuals to answer
gquestionnaires and (2) the cost of the process, which limitsrélggiefncy with which information is
captured. We consider that the information collected fromptehe traces provides a novel source of
information for urban analysis. The models obtained can be used to complement traslitigtiahs as

they overcomeo a large extent the previous limitations.

Examplesof the applications ofurban computingand the study of social dynarsidnclude traffic
forecastingand transportation desigi2], modeling thespread of biological viruses J[&nd location

based serges [19. A challenging andkey problem related tourban analysis is the automatic
identification of land uses.é. residential, industrial, etc.) for a geographical urban.atedhis paper we

present a technique to automatically identify the usesitbatidualsgive to the different parts of a city

using the information contained in cehone recordsOur system is relevant for a variety of urban
planning applications, mainly urban zoniagd resource allocatiorin the context of urban planning,

urban zoning is defined as the designation of permitted uses of land based on mapped zones which
separate one set of land uses from another (for example residential areas from industrial areas). One of the
main problems of zoning is to evaluate to which eitbe areas are being used as required or planned,
because the collection of data has to be done on site. Our approach allows to compare théaptnned
useswith the actual use that citizens give to the different areas of the city without the neeslitef data
collection.Regarding resource allocation, one of the main variables used by citychallecate public
resources (such as police, cleaning services, istthe land use of thaereaunder study Different land



uses require different resoes; and as such, knowing theal (not the planned) land ysend howit
evolves over timeis key for an optimum resource planning.

Given the inherentuzzy nature of both human behavior and urban landscapes, we propose a method to
identify land uses usinconsensuslustering, a technique typically used in genetic cluste@mmnsensus
clustering is based on compiling the results of different clustering methods and on reporting only the
elements that are edustered together by all the different algomith In our case we haveagsK-means,

Fuzzy clusteringand Spectral Clusterings the techniques used to identifyaostering elements. As a
result of using consensus clusteringnly sections of the city with avell defined land usewill be
clustered ad labeled We will validate and compare the results obtained using official land use data
obtained from the Department of City Planni#dthough our technique is going to be presenisihg

cell phonerecords, it can also bgotentially usedwith any othe ubiquitous data sooesthat contains
location informationespeciallywith locationbased social networks likewitter or Fourgjuare

The rest of the paper is organized as foliofivst, we present related work anafter thatwe introduce
the basicconcepts of a cell phone netwotkge basic definition of the probleand the data used for our
study The following section presentBe concept of landsesignature and defishow to obtain it from
the data captured by a cell phone netw@dction Spresents theonsensuslustering technique that we
propose for identifying land useAfter that,in Section 6,we apply kmeans,Fuzzy Clusering and
Spectral Clusteringo identify land useclusters. These resulgse then usgby consensuslustering in
Section 7to identifyand validatehe consensutand uses

2. Related Work

Several authors have already usifferent ubiquitous data sources to characterize land use or solve
questionsrelated to urban plannin@wo areasare relevant for our wér (1) studies that use location
basedsocial networkdor land use characterizatiand (2)urban dynamicstudies based ocell phone
record.

Regardingocationbased social networksome authors have focused on using the information provided
by thesesites to study and characterize urtemvironments. Noulas et al. [[L4sed the gedocated
information provided by Foursquare to model activity patterns in London and New York City using
spectral clustering. In @elated work Cranshaw et al. [3also usd Foursquare and a variation of spectral
clustering to divide and characterize citiesliiehoodspresenting a study in Pittsburghocusingon
Twitter, Wakamiya et. al. [35studied how to exploit getagged tweetand its contento interpretland

use By identifying patterns of activities with respect to geographical regularities five difflershtuses
wereidentified at a city levelAlso, Fujisaka et al. [Banalyze&l mass movement patterns from Twitter
using a dispesion model, an&insella et al. 11] used the coordinatesd the content of tweets model
locations and land uses at different granularities (from zip codes to country levels).

Regarding call detail records, there are in the literature a variety of studies that focus on urb#n analys
problems.For exampleRatti et al.[15] used aggregated cgdhone data to analyze urban planning in
Milan with an inerest in locatiorbased servicapplications.Reades et alf17, 1§ monitorized the
dynamics of Rome and obtained clusters of geducapareas measuring cell pleotowers activity using
Erlangs Another study is describdry Horanont et a[10], where the authongresentd very preliminary

results on the identification of land usesBangkok showing that there ametworkactivity differences
between different land useBinally, Soto et al. 20, 2] have used different clustering techniques t
identify land uses in urban environmeniis this paper we build othese resultfocusing on techniques
thatlimit the biasof each clusteng techniqueand also use land use datasets from the Department of City
Planning to validate our results.

3. Preliminaries

In order to automatically identify land use behaviors in urban environments we present a technique based
on applying consensuglustering tothe informationgenerated bycell phone networksCell phone
networks are built using base transceiver station (BTS) towers that are in charge of communicating cell
phones with the networlEach BT Sgives coverage to an area called a cell, Wigctypically divided into

three sectors, each one covering 120 degeegven geographical region will beerviced by a set of

BTSs BTSHbts, . . . , btg}, each one characterized by its geographical coordirageessed aa



longitude andh latitude. Whenever an individual makes receives phone call, the call is routed through

a BTSthat gives coverage to the cell phofidhe geographical area covered by a BTS ranges from less
than 1km? in dense urban areas to more tham@® in rural areas. Fasimplicity, we assume that the cell

of each BTS tower can be approximated with-dirBensional notverlapping region computed using
Voronoitessellation Figure 1) shows a set of BTSs with the original coverage of each cell, and Figure
1(b) presents & approximated coverage computed using Voronoi.

CDR (Call Detail Record) databases are generated wheflt ghone connected to the network makes or
receives a phone call or uses a service (e.g., SMS, MMS, etc.). In the process, and for invoice purposes,
the information regarding the time and the BTS tower where the user was located wheerdotion

took placeis logged, which gives an indication of the geographical positionaalaphoneat a given

moment in time. Note that no information about éxact position of a user in a cell is known. Also, no
information about the location ttfie cell phone is known or stored if no interaction is taking place. From

all the data contained in a CDR, our study uses the encrypted originating number, the @ncrypte
destination number, the time and date of the call, the duration of the call, and the latitude and longitude of
the BTS towerused by the originating cell phone number and the destination phone number when the
interactiontook place

Using the informatin contained in a CDR datake we can characterize the different land gse=s toa
specific urban area ' he geographical areas in which the city is going to be divided will be defined by the
Voronoi tessellation of the set of BTSs, and each area withbeacterized with the corresponding BTS
activity (the signature of the BTS tower). The identification of land wegsbe implementedusing
consensuslustering, which will be introduced in detail in the following sectiOnr study has been done
using CDR data collected fromall the BTS towers of the citiadrid during a period of 1 moth, from
October 1st 2009 to October 31st 2009. The areared by the city (and its metropolitan grésof
400KnT and is served by 1100 towers that collected overriiion interactions.In order to preserve
privacy, all the information presented is aggregated and original records are encrypted. No demographic
data was considered or available for this studgne of the authors of this study participated in the
extradion of the data.

In order to validate our land use hypothesis, we compare our results against official land use data released
by theDepartment of City Planning of the City of Madrior the year 2008. Figure @picts the official

land uses at a blodkvel inthe northwest of the cityThe Department of City Plannirgggregates the
information at a block level andonsiderseleven main land use types: (1) residentidlpartment
Buildings, (2) Residential: Individual homes, (3) Residential: mixedl, Ifdustrial, (5) Offices, (B
Commercial, (7) Public infrastructures: public buildings, (8) Public infrastructures: road, (9) Public
infrastructures: service areas, (10) sport infrastructures and (11) parks

4. Activity Signatures from CDR Data

We defne the activity of a BTS, and by extension of its area of coverage, as the number of calls that are
managedy that BTS over a given period of time. The activity associated to each BTS is represented as a

matrix v,( U ,, with ni{1, . . . ,N the BTS idetifier, UWp= {1, . . ., 3} representingach dayof the

CDR datasetonsidered andU/4{1, . . . , 288 representingachone of the Eminutetime slos in which

each 24 hour periodas been dividedOther values forOwereconsidered but smaller slatscreased the
processing time without any relevant improvement, while larger slots produced a linear interpolation
effectin the activity signatur¢ghat affected theuality of the results

The signatureX;, of bts, is defined by different aggregationktbe information contained in the associated
activity matrix v,,. Three types of agggation have are propose(d) Total aggregation; (2) Weekday
Weekend aggregation and (3) Daily aggregation. TétalTaggregation defines the signature of each BTS
as theaverage value of the activities reported for each time Gtbtoughoutall daystii. Thus, each
elementX,( Us)computed as:

X (1) =——3 v.(de)t =1...288 )
[ID]] o

! http://www.madril.org/cartografia/idem/html/web/index.htm
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Neverthelesshuman dynamics are very different beem weekdays and weekend dayk fihd those
differencesshould translate intodifferent BTS activity levels Considering this fact,he Weekday
Weekend representation aggregates the calling activities reported for each titdéosloto different

types of days: weekdays (Monday through Friday, doethin™ ;) and weekend days (Saturday and

Sunday, contained ih,). The final signature is represented as the concatenation of both components
(represented as +):

xn,w(r):lw?lﬁ v,(d2),i =13, ¢ =(1,...288 @
xn = Xn,\/\ll + Xn,W2 (3)

Finally, the [nily aggregation aabe cosidered as an extension of the Weekbldgekend aggregation,

in which each day of the week has its own component. Formally it is computed with Equation (2) but
consi dgywithnday={mon, tue,wed, thu, fri, sat, sunand Equation (3) concateratthe 7
components All signatures were normalized befaentifying land uses. Figure @aphically presents

three examples of each one bktaggregation types. Figur€aB shows the typical curve forotal
aggregation with one peak aroundaf?and amther one at aroundor. In this particular caseecause

the 7pmpeakhas a reduced intensity when comparethtol2am peak the signalprobably represents a
commercial land usdrigures 8) and 3(c) present the same idea but concatenated 2 times &g
respectively representirigaily andWeekdayWeekend aggregations.

5. ConsensugClustering for Land Use Identification

In the literaturewve can find approaches to identify land uses udiffgrentclustering techniquesuch us
spectral clustering3, 14], k-means 20] or FCM[21]. Nevertheless each techniqudl introduce a bias
that will imply that different techniqecluster the same elemeritsdifferent clustersin order to avoid
the bias introduced by clustering technigaesito identify wel defined land uses we propose the use of
Consensug£lustering.Consensu€lustering[22] is based on compiling the results of different clustering
methods and on reporting only the elements that arelustered together bthe set of algorithms
consideed The technique is typically applied for microarray analysis in ordexvtid inter-clustering
methodinconsistencyFor two given elements, all clustering methods must have allocated them to the
same cluster in order for them to be assigned womsesus cluster. This gives a higher level of
confidence to the correct assignment of elements appearing within the same cluster.

Consensuglustering is based on an agreement mai(ix x n), beingn the numier of elements to be
clustered (number of BTS iour context).A is an upper triangular matrix that indicates for each
combination of elements the number of agreements among the methods for clustering together the two
elements, represented by the row and the column indides techniquaises the agreemematrix to
generate an agreement list that contains all the pairs of elements of the matrix where the value is equal to
thetotal number of clustering methods us€d,Then, starting with an empty setafnsensuslusters, the

first element is createdaotaining the elements of the first pair of the agreenigntThen, the algorithm

iterates for the rest of the elements of the agreement list, where, if one element of the current pair is found
in aconsensusluster and the other is not, that elemeraidded to theonsensusluster, otherwise a new
consensusluster is created. After the algorithm has iterated for each pair of elements in the agreement
list, it outputs the set afonsensuslusters found. Figure gresents a description of the algomitithat
implementsconsensuslustering.As a running example lets consider3 and 7 elements that have been
clusteredby each technique as followgt) the first clustering technique identified 3 clusters containing
each ondl, 2, 3}, {4, 5}, {6, 7} (2) the second techniqudentified 4 clusters as follow§l, 2, 3}, {4, 5},

{6}, {7}; and finally (3) the third echnique identified 3 clustef4, 2, 3}, {4, 5, 6}, {7} Running the
algorithm we will obtain anAgreementList={{1,2},{2,3},{4,5}} which will produce two consensus
clustersCC={{1,2,3}, {4,5}}.

In general the final number ofonsensuslusters tends to begher than the original number of clusters
of any of the methods used to obiahe agreement matriote that there is no need that th#edent
clustering methods used actually have identified the same number of clustergh@lset otonsensus
clusters obtained will natecessarilycontain all the original elements, because those elements for which
the clustering techniques used di agree will not be included in the final setoohsensuslusters. This
filtering property ofconsensuslustering is very useful in owasebecause it will eliminatelements (i.e.



BTS coverageare&) that cannot be groupead any consensus clusterhich implicitly filter areas that
have mixed land use.

6. Clustering for Land Use Identification

This section presents the application Kfmeans, Fuzzy Clustering and Spectral clusterimgtlie
identification of land uses, which will then be usgten implementingonsensus clustering.

6.1 K-means

K-meansaimsto partition n observations int& clusters in which each observation belongs to the cluster
with the nearestmean This techniquehas been used in similar problems, littee identification of
agriculturalland uses based on types of vegetafiom satellite image$9]. Unsupervised clustering
techniques such as imeans,require the number of clusgeto be known beforehand. In this cate
different techniques used to determine an optimum number of clusters are based on identifying the
clustering which results in compaand well separatedusters. From the variety of techniques available
(DaviesBouldin indeX4], D u n n fbs etci),nwd leaxe chosen thkalidity measure presented in |16

as it is shown to outperform the previous techniques in a variety of applications. In this caselitthe qua
of the partition, measured by the cluster validitgex, is given by computing the ratio between thter-

cluster and intratluster distances of the partition for each one ofkthialues (number ofand usepsrun.

An ideal partition will minimize e intracluster distance and maximize the intéuster distance;
therefore the best partition will be that which minimizes the proposed measure. Given the nature-of the k
means algorithm, where every cluster is defined by its centpithe intraclusger and intercluster
distances are formally defined as:

k
intra—clusteﬁié a ik, < 1l 4)
N i x,
inter-cluste= min i, -c, 3 (5)
]

whereC; is the set of signatures that belong to the cluster defined by ceqtr@ide to the stochastic
nature of kmeans we executedehalgorithm 500 times for eadh and kept the results with better
(minimum) validity index values. Table 1 presents the minimum validitgex valuesfor the Total,
WeekendWeekday and Bily aggregatiomwith k={3, . . . , § when using Euclidean distanda.all cases
the best value was obtained whesing the Weekda\Weekend aggregation. Thekustering validity index
values indicate that while theofal aggregation loses information (it has higher values inaais), the
Daily aggregation does not add yarextra insight when compared with the &dkdayWeekend
repregntation Within the WeekdayWeekend representation the top timdex valuesare obtained for
k=3 andk=5 respectively.

The cas& = 3is obvious as ouactivity signatures are characterizedtignodal distribution (two peaks)

at each 24 hour period. Simplifig the interpretation, witk=3 we observe three differentiated land uses:

(1) when the first peaks higher than the second onehich will probablyindicate an area with
commercial and/omdustrial activity; (2) when the second peak is higher than the fist peak (a residential
area) and (3) when the two peaks have the same height (a mixed used area). Nevertheless, we are
interested in identifying a variety of land uses apart from the abwioes identified blg = 3. The second
case,k = 5is much more interesting, as intermediate land uses are fi\ithl.this fact in mind, we
consider that the best validity index is obtaisedeekdaywWeekend aggregation akd= 5. In this case

from the approximately 1100 areas of coverage, 11% were included in cluster 1, 15% in cluster 2, 5%
cluster 3, 7% in cluster 4 and 62% in clustebe class representatives of each @ustre presented in
Figure 5 An analysis of these signatures allows to higpsize aboutach land use

ACluster#1 (Figure %a)): This cluster is characterized by the fact that the activity takes place mainly
during weekdays, especially in working hours, and weekend activitgrisreduced During weekdays

the activity is heaily focused between 10AM and 14PM and another peak of activity between 16:00 and
19:00 hours. This cluster shows a work related actipigternand the hypothesis is that the BTS
coverage areas inclad in this cluster are used as industrial parks araffime aeas.The geographical
representation of theluster is presented in FiguréaJ. For future reference this cluster will be named as
OfficeskIndustrial.
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ACluster#2 (Figure %b)): The second cluster probably represents a hybrid land use. Dueiekpays
there is activity during commercial hours, with two peaksimilar normalized intensitgt around 12AM

and 19PM. There is a relevant weekend activity although of less intensity. This drebanid be
consideredCommercial.The lesser intensityfdoth peaks during weekends is probably caused because
commercean Spainis generally closed on Sundays.

A Cluster #3(Figure %c)): The third cluster hasne elementhat characterizeits land use:during
weekends there is a strong activity between Oa@ihd 5AM, indicating nightlife environments. The land
use deved from this behavior iBlightlife areas: restaurants, bars, etc.

ACluster#4 (Figure §d)): This class representative shows that activity during weekends is more than
twice that of weekdaysand that this activitys focused between 12PM and 5PWhe geographical
representation of thisluster is presented in FigurébJ. Considering all the informationhis land use
probably characterizes weekelneisureactivities.

AcCluster#5 (Figure 5(e)): This signature shows that activity during weekdays and weekends is of the
same magnitudeduring weekdays, the second peak of activity is of higher magnitude than the morning
peak, while duringweekends both peaks have the same magmitdthese chacteristics imply
Residentialareas, where individuals come back after work and stay during weekends.

The main limitation of this approach is that the land uses identified are constructed using all the original
BTSs, which as a results creates signatthrasinherently represent combinations of different behaviors.
Cluster #2 is a good example of this fact. Ideally signatures should be defined by the core elements of
eachland use without considering elements that are distant from the class represeritat@ny case, by
definition, kmeans does have such a mechanism.

6.2 Fuzzy Clustering for Land Use Identification

Fuzzy emeans (FCM) clusterinf?] assignsd eachelementa degee of belonging to each clustdie
algorithm attempts to partition a fia collection of element¥X={x,;, € .} ito a collection ofc fuzzy
clusters. Given a finite set of data, the algorithm returns a listabfister centre={c,, € o a&nd a
partition matrixU=u;;* ( 0, 1) , 1 =1, witere ,eacl) etefinemif thec matrixtells the degree to
which x; belongs to clusteg;. Fuzzy emeans needs as input the number of clusters and the fuzziness
coefficientm. The fuzzifierm (1< m < D) determines the level of cluster fuzess, where rgevalue of

m results in fuzzier clsters. h the limit m=1 and the membershipsonvergeto 0 or 1,i.e. a crisp
partition. This technique has also been used in similar problems, like the classification of sub urban land
using remotelysensedmagery [2§.

We have usedrCM to cluster the BS signatures and obtain the class representatives that define land
uses. In order to find the optimal number of clusters we have useddiugtrclustering [b This method
assumes every item in the dataset might be a cluster center and assigns al pataatito them. The
method iteratively picks the item with the highest potential, selects it as a cluster center, and decreases the
potential of the surrounding items that are situated within a radius of influghckow ri values
produce a large maber of small clusters, while the opposite happens with hjglvalues. Common
values forr are in the range (0.25, 0.4%)igure §a) shows the number of clusters for each value in the
mentioned interval with 0.01 increments. It can be observedhbaturve decreases drasticallyrin =

0.4, andstabilizes in 5 clusters (Fig. ). We used the method presented ih {@ estimatam, finding an
optimum value ofm = 1.2 The land use representatives obtained after running fuzegans with 5
clustes andm = 1.2 are fairly $smilar to the ones obtained byrkeans and presented in Figurewbth
somesmall differences in the level ddctivity of the peaksaand the geographical representation of the
clusters but the same hypothesis about land arge\alid. Considering the characteristics of FCM, each
area of coverage was assigned to the clubtrhad the highest degreg. In that case 1% of BTSs

were includedn cluster 1, 11% in cluster 2, #2duster 3, 9% in cluster 4 and ®4in cluster 5As
examplesFigure 8(a) and Figure(B) present the geographical representation of Cluster #2 and Cluster
#5 when using FCM.

6.3 Spectral Clustering

Spectral clusterind27] treats the data clusteripgoblemas a graph partitioning problewithout making
any assumptions about the shape of the data clusters. The techagfoar main stages: (1gonstruct
the similarity matrixD with the data (which implicitly also builds a graplased on similaritigs (2)



compute the associatddaplacian matrix L and oltain its eigenvaluesand eigenvectors (3) use the
eigenvectorgo match each original data point to a lovdémensional representation and (4) cluster the
data points in the reduced dimension. The main characteristic of the technique ighe aigenvdues
(i.e. the spectrum) of the similarity matrix to produce a dimensionality redu&pmrctral clustering also
needs to define before hand the number of clugtetdthough any techniques used in clustering can be
potentially used to identify the optum number of clusterghe use okigenvaluess especially useful
due to the nature of the algorithmh&eigengapheuristic[13] identifiesk as the point where the largest
drop in the magnitude of the ordereidenvaluefiappens

We usedSpectral Clusteng to cluster the BTS signatures and obtain the class representatives that define
land usesWe generatedhe similarity matrix D) using the cosine similarity between eaclr phactivity
vectorsX; andX;:

X, OX.
S(i, ]) -7
I ©

The eigengapheuristicidentified k=6 as the optimum number of clusters. As a result spectral clustering
identified 6 land uses with their respective cluster representalihesland use representatives obtained
in this casearesimilarto the ones obtaingdr Cluste #1, #2, #3 and ##&hen using kmeangFigure 5)
although there are differences when the graphical representation of the clusters is cordigeestra
cluster identified by spectral clustering basically implied that Clustérag4een divided in twoifferent

land useswhose activity signaturis fairly similar to theones presented in Figure 13(a) and Figur@)13

For homogeneity purposes we call these two new clusters Clésfea#d Cluster #4.2An analysis of
these signatures allows to hypesive aboutach land use:

A Cluster #4.1: Spectral cluster 4.1 has a very similar signature to the Clusteroticed by k
means/FCM (Figure (8)), but in this case, the weekday activity, has been drastically reduced when
compared to the Hneans/FCM sigature. The land use is probably related with weekend leisure
activities.

ACluster#4.2: Spectral cluster #4.2 describes land uses that are more active during weekends than
weekdays, and where the traditional two peaks behavior is not as strongoasaltytys. Although in this

case the signature activity is not enough to hypothesize a land use, the graphical representation of the
BTS shows that the area covered mainly includes transportation hubs, such as the 4 terminals of the
airport, the train stion and the bus station. As a result, we hypothesize that the cluster represents
transportation hubs land use.

When using spectral clustering, 16% of BTSs were included in cluster 1, 13% in cluster 2, 8% cluster 3,
6% in cluster 4.1, 4% in cluster 4.2d883% in cluster 5.

6.4 Comparative Analysis& Validation

In order to compare the clusters obtain by each one of the previous techfirgti@ge will measure the
similarity of the data partitionand after that we will validate each technique commgaii with the real
land use data obtained from the Department of Bigyining

6.4.1 Cluster Similarities

Differences within clustering techniques are typical, and they have motivated the development of
techniques that compare the level of agreementd®t two classifiers. These techniques can also be
presented as a way of assessing the consistency of a partition. A simple method for comparing two data
partitions is theKappa metric [23, 24. This metric rates the agreement between the classification
decisions made by two observers. The metric has a value in the rdngel), where-1 indicates that

there is no concordance between the observers, and +1 indim@iesoncordance. From a clustering
perspective, a high kappa value would indicate thatttWo arrangements are similar, while a low value
would indicate that they are dissimildrhe kappa value betweennkeans and Fuzzy Clustering is 0.59
between kmeans and Spectral clustering 0.48, and between Fuzzy clustering and spectral clustering 0.51
The three values indicate moderate agreemebetween the technique¥his result shows that the
partitions created are not very consistent. This part caused by tHact that each technique has a bias



that deeply affects its classification. In erdo identify reliabldand useswe need to use a technique that
counteracts the bias of the techniques.

6.4.2 Land Use Validation

In this section we will validate each technique by comparing its output with the land use information
available at the Omartment of City Planning/isually speaking, we want to understand the percentage of
overlapping that exists betwe#re CDR land uses we have identifiedvith each clustering techniqaad

the officialland use areas declared by thepartment of City Planing Such overlapping will give us an
understanding of the accuracy tH@DR activity achievs in identifying land uses i.e., the larger the
overlapping areas, the more accur@@Rr activity is for modellingland use. It is important to highlight

that the percentage of overlapping is an approximate measure to validate land use identification given that
both maps have different granularitig®®DR maps represent land segment clusters based on Voronoi,
whereas thdladrid information containdata at a bloclevel.

In order to analyze ovipping areas, we udesIS software [pthat allowedto evaluatehe overlapping
between the shapefiles of two given regions. In our case, one shapefile will represent the land use cluster
we have obtained and the other ae official land useTables 2,3 and 4 showhe percentages of
overlap between the official land uses (rows) and our land use hypothesis (columns). Specifically, each
element(i, j) in the table represents the percentage of the official landths¢ is covered by one of our
CDRIand use clusters In the case of Tabl2 andTable3, that present the results when usingnkans

and FCM respectively, for comparison purposes grougdthe official land useas (1) Residential (the

three levels defined)2) Offices & Industrial & Public Buildings & Service Areas, (3) Commercial and

(4) Parks and Sport Infrastructures. The official land use Reagsnot considered. So, in thisase,
i={Resicential, Offices & Industrial& Public Infrastructures Commercal, Parkg and j={Offices
Residential, Commercial, Nightlife, Leisuré. In Table 4, vhen considering the results providéeg
spectral clustering, due to the extra cluster identified as transportation hubs, we edrsidgficial uses
i={Residential, Ofices & Industrial, Public Infrastructures, Commerci&arks}and ourCDR land uses

asj={ Offices ResidentialCommercial Nightlife, Leisure Transpor}. Note that the overlap, due to the
different granularity of the elements being compared, and theHatthe official land use Road is not
considered, does not necessarily adds up to 100%.

Table 2presentghe overlap between the official land uses and the CDR land uses when usiegnis.

We observe that the official Offices&Industrial land usédentified with coverage of 88 by the CDR
Offices land use. Nevertheless there is alselavant overlap of 21% wit@ommercialland use The

official Residential land use is also well identified by the CDR Residential land use, with coverage of
61%, althaigh there is also a relevant coverage with Commercial and Nightlife CDR land uses.
Commercial land use has an overlap of 57% while Paakstlie strongest overlap with%8The CDR

land use of Nightlife can not be validates as it is not considered bygheritnent of City Planning, and

gets mixed basically with the official Residential land use, which indicates a mixture of those land uses.
Table 3 presents the overlap between the official land uses and the CDR land uses when using FCM. In
general the sameesults and observations presented fom&ans, are also true in this case, with
overlapping values of the same magnitude in both cases.

Table 4 presents the overlap between the official land uses and the CDR land uses wh8peactiat
Clustering When compared to the two previous techniques, there is an improvement in the overlap,
which in general can be attributed, to the variability of cluster shapes that spectral clustering can identify.
Also, the special case of Transport CDR land use, has afapwear 33% with public infrastructures.
Transportation hubs are included in the Pubiftastructureofficial land use, but it is obviously not the

only one, that is the reason for the low overlap. If we consider the inverse relation, i.e. the peofentage
Transport CDR land use included in the official Public Infrastructures land use, the ov&ap, iwhich
indicates how all the areas identified are considered a Public Infrastructure.

In general we caeoncludethat CDR land uses are validated witfffi€al land usesgespeciallywhen
considering the results provided by spectral clustering. In general the lexartap is in the range 66

70% which is caused mainly by (1) the fact that that CDR identifies the real land use while the
department of ¢y planning has the planned use, which could change over time, (2adhenat the
granularity of both land uses maps is quite different, and (3) the fact that in an urban environment the
samegeographical areaan have a variety of land uses which tpgraach of theDepartmentof City
Planningdoes not consideilhis indicates that using a Consensus clustering approach, with its capability
of filtering elements, capotentiallyincrease our land use detection.



7. Land Use Analysiswith Consensus Clutering

The kappa metrand the validation results of the previous sectiaticatethat there are divergences
betweerthe land uses identified and the clusters produced by each techimdhis contextconsensus
clustering can be relevant due todegpability of limiting the bias of each techniq@onsidering that the
area selected is covered by 00 cells and usingesults fromthreedifferent clustering algorithms, the
Agreement MatrixA was of dimensiori10x110Q with C=3. After applying the ajorithm, we obtained
elevenclusters with 3% of the BTSs being filtered, i.e. the consensus clustering algodiithrot assign
them to any of the final akters. Figure 9 through Figure p8esents theslevensignatures of the
consensus clusters idemil and their corresponding geographical representation within Madrid
Generally speakingVladrid is contained inside two concentric ring roads-§M and M40). The area
inside the M30 (the smaller ring) contains the city center as well as the main bsisitoairist and
commercial areas, all of them mixed with residential ar€hs. main avenue iBaseo de la Castellana
which is the main nortsouth axis of the city and the business afé® area comprised between the M
30 and M40 containamainly residetial districts and industrial park&n analysis of thesignaturesand
their geographical distributioallows tohypothesize about the land uses:

AConsensuCluster#1 (Figure 9a)) and Consensus Cluster #2(Figuré): The signaturs of these
clustes aresimilar to one pesentedn Figure %a) which representedffices/Industrial parksThe main
differences is that in the case of Consensus ClustdC£€1#1)the activity levelduring weekendss
almost doubld when compared t&igure fa), while Consesus Cluster #2 (CC#2) the activitiuring
weekendss almost non existent. Figure 10(a) andb)@resent the geographical representation of CC #1
and CC #2 respectivelfConsidering these representations, it can be observed that while Cavéts
Officeswithin the city(the areas around thitaseo de la Castellan®ZCA and public buildings such as
the City Hall and the CongressEC #2 covers Industrial parkaitside the M30, which explains the
differencein activity during weekends. As a result we hthpsize that while CC #1 represent Offices,
CC #2 represents industrial parffiese twoconsensuslusters are a good example of Hwvantages of
using consensus clustering: the effect cofclustering is the identification of land uses that were
origindly aggregated in one or more clusters.

AConsensu€luster#3 & Consensu€luster#4 (Figure 11a) and 11(b)): These two clusters are related

to Cluster#3 presented irFigure §c). Both CC #2 and CC #are characterized by a peak of activity at
night which uniquely differentiates them from the rest of the clust&¥hile CC #2basically represds

the same behavior as FigurE) i.e. night activity areas during weeken@€; #3showsactivity early in

the morning (starting at 4am) both during weekdags weekends, which motivated that they were
clustered together when using-nieans/FCMSpectral clustering Considering the geographical
representations of CC #3nd CC #4 presented in Figure 12(a) and Figur)l&spectively we can
observe that CC #2 wers the maimightlife areas of the cityGran Via, Bilbao, Moncloaand Alonso
Martinez Part of the Campushere the university dorms are locaisdlsoincluded in this clustelCC

#3 is very limited in size (only 6 BTS towers) and actually corresptmtitercaMadrid the wholesale

food market of the city (one of the biggest food markets in Europe), whose activity takes place during
early morning, including weekends. No other geographical areas are included in this land use. Both
consensuslustersarerelated to nigh activity, but while CC #3 probably represents nightlife leisure areas,
CC #3 represents early morning commercial activities.

AConsensu€luster#5 & Consensu€luster#6 (Figure 13(a) and 1B)): These two consensus clusters

are related wh Cluster #4 presented in Figurédd that represented weekend leisure activities. Their
main characteristic is that there is more activity during weekends than during weekdays. Nevertheless
while CC #5 has almost no activity during weekdays, Ch#$ arelevant activity during weekdays
showing the typical bimodal distributionConsidering the geographical representations of Carw5CC

#6 presented in Figure 14(a) and Figuréb)4espectively we can observe that the areas covered by CC
#5 include he main parks and recreational areas of the cityQé&sa de CampandEI| Pardq golf clubs
(marked asGC) and the Horse Racing Trackngrked asH). Within the city, El Prado Museum
(including the botanical gardenahd the flea markdiwhich happens Sulay mornings) are included in

this land use. Regarding CC #6 it covers the main transportation hubs of the city: all the terminals of
Barajas International Airpgrthe Bus Station andtochaTrain Station, that serves as a hub for high
speed trainsGhamatin train station in the north of the city is the onlybhnot included in this cluster



Again, anothegoodexample offinding clusters previously aggregated thankshi coclusteringeffect
of consensus clustering

AConsensu€luster #7 andConsenssi Cluster #8 (Figure 15(a) and(b¥: Both consensus clusters have

an activity signature sifa@ir to Cluster #5 of Figure(8) which indicates that they probably represent
residential land use. Their differences are mainly in weekend activity which is loweC #8 when
compared to CC #7. If the geographical represgi@n is considered, Figure$(h) and 1) for CC #7

and CC #8 respectively, it can be observed that CCaétbunts for approximatelyO% of the
geographical area. It is highly correlatedhwhigh-densityresidential areaghigh rises) mainly in the

south andeastof the city. The geographical representation of CCcé®ers residential area of low and

mid density (individual houses and low rises), mainly located in the west and north @fyth€his
distribution is typical in Madrid, where affluent areas are located west and north of the city. In any case,
although downtown also includes a large number of residential areas, none of the residential clusters
identified are presentin that aea. The main reason for this fact is thkansensus clustering filters out
those areabecausen generalthey concentrate a variety of activities and as a result those BTSs are not
co-clustered together.

AcConsensucluster#9 & Consensusluster#10 & Consensu<Cluster#11 (Figures 17(a), 17(b) and
17(c)): Theseconsensuglusters are related to Clust#2 of Figure %b) that represented commercial
activity. The three cases identified by consensus clustering idediffigrent levels of commercial
activity. Consensu<luster #10(Figure 17b)) reprsentsbasicallythe same behavior aSluster #2
(Figure gb)): commercialactivities takeplace basically in the morning during weekdays, and a reduced
activity during weekends due to the fact that, in genezaimmerce is typically close on Sunday$e
geographical representatiorf €C #10 (preseed in Figure 1{b)) focus mainly around thenain
commercial districts of the citySalamanca, Chamartimnd Chamberi These districts have a strong
commercial activy, but are also densely populated residential al@asimerce in these neighborhoods
closes on Sunday which motivates the reduction of activity during week€nether twoconsensus
clusters show two deviations from that main use: ¢hdhsensuscluster #9 (Figure 17a)) shows
commercial areas that have the same activity during weekdays and weekendshahidborrespond to
special parts of the city that are allowed to open on Sundays; acdn@)nsusluster #11(Figure 17c))

shows commercial aredhat have more activity during weekdays than weekemdish should represent
weekend commercial aredhe geographical representation@E #9 is presented in Figure(a$, and it
shows that the geographical areas included in this land use are &uwenta del Sol, Plaza Mayand

Plaza de Santa Anghe maintouristicareasof the city Commerce opens during weekemishese areas.

Last, Figure 1&) presents the geographical representation of CC #11, which covers the main commercial
axisof Madrid (Callac-Preciado$ and its surroundings. Commerce in this area opens both weekends and
weekdays.

We can observe how tle®nsensuslusters identified benefit from the filtering and-cloistering imposed

by the technique(1) the clustesidentified havdand uses obtained only with coverage areas that have a
well defined behavior and (2he coclustering allows to identify intermediate land uses that could not be
identified with traditional techniques.

7.1 Validation of Consensud.and Uses

In this setion we are going to use the information provided by the Department of City Plaf@i)to
validateto which extent the land uses identifieg consensus clusterirggesimilar tothe ones definedyb

DCP. Neverthelesswhen using this informatiorior validation purpossestwo elements have to be
considered (1) the informationis mainly regarding how land use is planned (urban zoning) not on the
actual use of the land, which is not necessarily the same; and (2) urban planning focuses mainly on
defining residential and industrial areas, not the variety of uses we have discovered.

In order to validate the consensus clusters we will consider the following official landgusaping

some of them: (1) Residential: Apartment buildin¢®) Residentialindividual homes and mixed3)
Industrial, (4) Offices & Public infrastructures: public buildings(5) Commercial, (6)Public
infrastructures: service areas and (7) parks and sport infrastructures. Regarding the land uses identified by
consensus clustering,ewvill group CC #9, CC #10 and CC #11 into one cluster, as the official land use
just considers commercial areas, not the variety we have idenfieal. when validating the land uses

we have to consider that consensus cluster has filtered almost 40% BW'S areas, i.e. 40% of the

terrain has not been classified. As a result, the validation is implemented by considering for each



consensus land use the percentage that is included in each official land usecOwvbishall the terrain).
Table 5shows tlese values, where each eleméntj) in the table represents the percentagehe
consensus land usé¢hat is included in each one of the official land uses consigeMate that each row
does not add up exactly to 100% becayd¢ the granularity ofthe consensus and official land use
classification is very different (¥rond tesselhtion vs. city blocks) and (2h¢ official land use Roads has
not been considered.

We can observe that consensus clustering identifies more land uses than tradiitsd@rdhg approaches
(eleven compared to five or six), and that for the land uses that are common with traditional clustering
techniques, there is an improvement in the level of overlapping. Focussing on the results presented in
Table 5, some of the consars land uses have a high correlation with the official land use, such as
Offices, ResidentiaHigh, ResidentiaLow and Leisure, with correlation in all cases above 70%. In the
case of MercaMadrid and Hubs, the coverage is above 80% with the official lasd Public
Infrastructures, because that is what they are considered by the DCP. As in the previous approaches,
Nightlife has a high correlation with Residentidigh, but there is no official land use to validate it. The
three types of consensus commafeictivities have a correlation of 65% with the official land use, but it

is not possible to validate each one of them individually. The exception to this improved results is the
Industrial land use, with a value of just 52%, highlighting the difficuftidentifying Industrial land uses

in urban environment using cell phone activity, probably mainly due to the interferences introduced by
roads (in any case, this land use wasumiquelyidentified by any of the previous clustering techniques).

In orderto compare the results ofo@sensus @stering with FCM,K-meansand Spectral Clustering
from the clustering perspective, we calculated the compacity of the clusters obtained usialifitye
indexpresented in equations (4) and. (8}means index, fothe 5 clusters considered wa$4, 0.49wvas
obtainedfor FCM and 0.42 for Spectral clusterin§ihe index obtainefbr Consensus ldstering is 0.2
which is a considerable improvement when compared to traditional technithissimprovements
mainly caugd by the abilityof consensus clustering filter BTSs that do not show a well defined
behaviorand by thecapabilityof finding smaller and better defined clusters.

8. Conclusions and Future Work

We have presented a data mining approach to the pnadfiédentifying land usein an urbariandscape
using the information collected from cell phone networl@ur approach, which uses consensus
clustering, is designed tovercome the bias of traditional clustering techniques in order to identify the
BTS acivity signatureghat are key in defining land usésle have validated the results obtained with
official land use data obtained from tBepartment of City Planning. Thikata has some limitations, as it

is obtained with traditional techniques, but givwedaseline to comparhe different approache®ur
results show the improvement that using conserdustering implies compaed with traditional
clusteringtechniques: there is an inase in the number of land uses identified and the correlation values
used for validation are higher.

The use of data mining techniquasplied over sensafata for urban analysis a big improvement when
compared to traditional approaches thisg based on questionnaiisgveys These traditional approaches
for capturingdata face ast and time limitations. @ solution overcomes theBmitationsand brings new
advantages like the capability of tracing land use evolution over time or the ability to focus thestudy
particular social backgroundelders, tourists, sam-economic levels, etc.py just considering the
information originating from those groupl any case, ar approach is not intended to substitute
traditional urban analysis approaches but to complement and improve them.

For future work we plan taiseour technique to implement a tool designed to evaluate the degree to
which the urban zoning planned laycity hallis actually being followed. The identification of the
differences can thebe used tamplement a better planning pfublic resourcesFor example, nightlife

areas are difficult to track, as they change frequently and are important because they require resources
such as police or cleaning services. The availability of a tool that automatically idesmtifiesackthose

areas over time will falitate optimumplanningof public resources
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Figure 1: [eft) Example of a set of BTS and their coverage aigthf) approximated coverage obtained applying
Voronoi Tessellation.
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Figure 2:Example of official land use released by the Department of City Planning for 2008
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Figure 3 Example of &) Total, (o) Daily and €) WeekendWeekdayaggregation.

Input: Az n), O
Cutput: CO=00,..., C0}

CU=ConsensusClusteringAlgorithm{ Ain x n) , C}
Agresmeant List=Fairs(x,y) af A with A(x,y)=C
co=f}
CC = Agreement List;
Fov i=! to Sizefdgresmeani List)
Found = Falss
For j=1 to Size(C'C)
If (AgreementList; j or Agreementlist;z) € CC;
Found=True
If Agreementlist; ; @ CC;

CC; = COC U Agreementlist;
else
OC; = COC U Agreementlist; 3
end_if
end_if
end_for
I NOT Faund
CU=CC U greementlist;
end_if
end_for
Figure 4 Consensus Clustering Algorithwith A(n x n)the agreement matrix ar@@the number of clustering
techniques used.

Number of Clusters
3 4 5 6 7 8
WeekdayWeekend| 0.2 0.6 054 0.6 0.68 0.67
Daily 0.26 06 059 069 0.7 0.75
Total 0.3 084 0.8 0.81 0.84 0.85

Table 1: Cluster validity index when usingrieanswith Euclidean distanceach aggregatiotype (Weekday
Weekend, Daily & Totalpndk = { 3 ,.é, 8}
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Figure 7 (a) Geographical representation of Cluster #1 (Office Areas) obtained witbafs and (b) Geograghl
represetation of Cluster #4Leisure Activitie$ obtained withK-means

(b)

Figure 8 (a) Geographical representation of cluster #2 (Commercial Areas) obtained with FCM &@wb{saphsal
representation of cluster #Residential Aregsobtainedwith FCM.
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Official Land Use

K-Means Land

Use

Residential Offices Commercial Nightlife Leisure
Residential 61% 6% 1% 15% 4%
Offices & Industrial & Pl 9% 63% 21% 1% 2%
Commercial 16% 9% 57% 4% 8%
Parks 4% 6% 7% 2% 78%

Table 2. Perentage of overlap between official land use Hacheandand use.

Official Land Use

FCM Land Use

Residential Offices Commercial Nightlife Leisure
Residential 63% 7% 10% 12% 2%
Offices & Industrial & PI 6% 66% 15% 8% 1%
Commercial 15% 13% 52% 7% 9%
Parks 13% 1% 2% 3% 7%
Table 3. Percentage of overlap between official land usé-@iiland use.
SpectralLand Use
Official Land Use
Residential Offices Commercial Nightlife Leisure Transport
Residential 69% 4% 10% 12% 2% 1%
Offices & Industrial 14% 70% 11% 1% 1% 0%
Public Infrastructures 21% 24% 11% 2% 5% 33%
Commercial 15% 10% 63% 4% 2% 1%
Parks 6% 3% 2% 4% 81% 0%

Table 4. Percentage of overlap between official land usé&padtralanduse
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Figure 9 Class repesentatives ofa) consensusluster#l (Office Areas)and () consensus cluster #Bdustrial
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