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Abstract

City-wide urban infrastructures are increasingly
reliant on network technology to improve and ex
pand their services. As a side effect of this digitali
zation, large amounts of data can be sensed and
analyzed to uncover patterns of human behatmor.
this paper, w focus ornthe digital footprintsfrom

one type ofemergingurban infrastructure: shared
bicycling systems. We provide a spatiotemporal
analysis of1l3 weeks of bicycle station usage from
Barcelona's shared bicycling systezalled Bicing.

We apply clustering techniques to identify shared
behaviors across stations arsthow how these
behaviors relate to locatipmeighborhood and
time of day. We then compare experimental results
from four predictive model®f nearterm station
usage Finally, we analyze the impadf factors -
such as time of day and station activitin the Figure 1. (top) A Bicing station a closeup of a bicycle and parking s|

prediction capabilities of the algorithms and a user at a station kiosk using RFID to chamaka bicycle; (botton
The 390 Bicing stations distributed across the city of Barcelona, Spal
1 Introducti on human mobity. McNamara et al. (2008) used data

Observing and modeling human movement in urbarfollected from an RFIEnabled subway system to predict
environments is central to traffic forecasting, understandingo-location patterns amongst mass transit users. Such
the spreadof biological viruses, designing locatidrased ~ sources of data are evexpanding and offer large, uneer
services, and improving urban infrastructure. However, littleexplored datasets of physicaltyased interactieswith the

has changed since Whyte9@0) observed in his "Street Life real world.

Project” that theactual usage of New Yi's streets and  In this paper, we introduce a novel source of-veadld
squares clashedith the original ideasf architects and city human behavioral data from a new type of urban infra
planners. A key difficulty faced by urban planners, structure: shared bicycling systems. We show istation
virologists and social scientists is that obtaigilarge, real ~Usage data fron8 a r c e IBicimgesystem(Figurel) can
world observational data of human movement is challengin§e usedo infer cultural and geographic aspects of the city

and costly (Brockman et al., 2006). and predict future bicycling station usage behavior, which
As websites have evolved to offer gleaated services, correspondto human movement in the city.
new sources of reaborld behavioral data haveegun to In particular, he main contributions of thisaperare: (1)

emerge For example, Rattenbustal. (2007) and Girardin demonstrating the potential of usisfared bicycling as a

et al. (2008) usedgeotagging patterns of photographs in data source to gain insights into city dynamics and
Flickr to automatically detect interesting reebrld events aggregated human bavior; (2) exploring the relationship
and draw conclusions about the flow of tourists in a city. IPetween spatioteporal patterns of bicycle usage and
addition, as citywide urban infrastructures sucls auses, underlying city behavior and geography; and (3) studying
subways, public utilities, and roads become digitized, othepatterns irbicycle stéion usage, includinghe predictionof
sources of realorld datasetshat can be implicitly sensed Usage patternand an analysis dfiow factors such as the
are emerging. Rattit al. (2006) and Gonzéleet al.(2008)  time of the dayaffect this predictionin our analysis, we
used cellular network data to study city dynamics an®mphasize not just what the bicycling station usage data



reveals about shared bicywlj patternsbut also how these In this paper, we focugprimarily on weekday data
patterns reflecthe culture and the spatial layout of the city. (Monday to Frilay, excluding holidays), becauseekdays
We believe this work not only has direct implications fortypically correspond to more regular shared bicycling usage
the design and operation of future shared bicycling systenmsatterns.
(e.g, more precise load balancing andtgin dimensioning, - :
improved online services for Bicing users),but also for 2.1 l?efmmon; and Nota'tlon )
urban planningd.g, for blueprinting new bicycle paths and In this subsection, @ define the terms, notation and
roads), traffic foecasting(e.g., understanding where and intermediary processes usecbiur analysis.
when people are in the citythe social sciencege.g., .SFation siz_e Station sizesarenot directly reportedby the
Studymg how peop|e move about a City, seatour, 2007) B_ICIng WebS|te,butCanbgcalculatecbs the sum mvallable
and the develoment of novel contexbased mobile bicyclesB; and free parking slot§ attimet ateach station.
services. In addition, we expect that similar types ofNote that thisumfluctuates over timelikely due to a com
analyses can be applied to other sources of urban digitination of temporarily broken bicycles or parking slots
traces such as those provided by swdys €.g.,L o n d o nsgadon growthas the Bicing sytem evolve, and/or statios
Oyster), buses e(g, Seattl eds Or ca reporng g inalid) humbgrg r whilen g)eing serviced.
managemente(y, San Fr anc,iasdcoelblar SAPgE@UENKY) we'infer stan sizeasthe 98" percentileof
networks(Gonzalezt al, 2008).0ur work thus emphasizes all observedB+S§ valuesfor a specified time windovior
the increasing role that machine learning (ML) and pattergach stationThe average inferred station size is 28dts
recognition techniques will play to assist the aforementioned Observation normalization: Stations range in size from

fields in analyzingraces of human behavior. 15 to 36slots Thereforea st adbta is mofmalized by
dividing each observation by the inferred station sire.
2 The Bicing Dataset particular, analyses presented in this paper wilcaeied

out using normalized available bicyclesNAB), unless
specified otherwise Note thatNAB is analogous to the
stato n Pescenagefull.

DayView: A DayViewis calculated by averagirgtation
d data that matches certain criteria into a 24 hour window,

; discretizedinto five-minute bins(288 bingday). For exam

analyzed.Currently, there are over fortyuchprograms in ~ . SR
the world including SmartBikeDC in eaington D.C. and P! € i tﬁ qmwtmek@g'dfss’;'ew IS create??r)]/
V ®| iinbRaris, which has 20,000 bicycles and 1,4soggg‘pb‘! '”? & H a |I< d° n h ‘13“‘95“?!9%09 N i e
stations (approximately 1 station every 300 meters) > binsfor eac week apver d € ll/vee 0 S\E/F"a lon
Barcel onabts shared bicncled e pﬁ op ;Ep%{egl\;vee g?iylca? r}ﬁ?? en\%&)gy I§Wg fre
in March of 2007 It currently has390 stations with 6,000 SnOWn In Figure 2 or a Single station. .
bicyclesand overl50,000yearlysubscribers. Activity and Event Score: The Activity Score (AS) i

Bicycles are checked out by swiping RFID membership measure of how active a station is at a given time:

" ) A : AS(t)=|B-B,4|, whereB; is the number of bicycles at tine
card at a Bicing station kiogigure 1) which therunlocks . . : D
a bicycle andlisplaysits rack location onan LCD screen The Event Score (ES) is a binary version of AS()=1if

: A AS(t)>0, otherwiseES(t)=0 We typically compute average
Checkout information is uploaded to aeb serverthat e -
provides reaktime information about the number of Activity (ASwe) and Event ScorefESwg) over a specified

available bicycles and vacant slots at each station. A ehecl?e”()dmc timeto measure station activity.

out provides30 min of free ride timeand every 30 min Distance metric: In order to compute théistancebe

beyond t hat c otwothaurs.(Bkycl8stanbe fwegptyo IPAagViewsor betwgen singledayo s dnd & a
sta¢ 1T'onods DayVi ew, we use a Dy

returned toany station, where they are placed in an auto =< .
T tﬁﬁ? metric, wit onrbour. Sa b n
gnallét\)%, 9 gﬁDTV@ vﬁe\\g4 L?seﬁitinl?p(r%e erenggﬁ}% Euﬁgﬁdgah an

l ocking rack. War ni ngs, mfé
Istance measure because we were interested in comparing

eventually suspension of membership are possible if a us
consistently returns a bicycle beyond the two hour “m't'overall temporal patterns and wanted to allowdprto one
hour oftemporal shifts in the data.

Community shared bicyclinggrograms offer an enviren
mentally friendly, healthyand inexpensive alternative to
automobile transportation.Recent technological advances
have led toa third generationshared bicyclingsystem
whose reatime usagelatacan be collected, archived, an

Bicing is open from 5AM tol2AM on Sunday through

Thursday and 24 hours during the weekemte Bicing )

website reports the status of all bicycle stations via a Googié-2 Data Cleansing

Maps visualizatioh We scrape this webpage evetwo  The data scraped from the Bicing website is noisy as a result

minutes and extracthree data elements per $n: the of temporary station closuregchnical issues at the statson

s t a t deelotdtien, the number of availablechtlesand  caused by maintenance work, internehnectivityfailures

the number of vacant parkirgjots. Our dataset contains3  serverside SQL timeouts, and broken bicycles andrging

weeks ofcontiguous observationsom Aug. 27, 2008 to  slots. We employed a three stgmrocess to detect and

Decl, 2008. In total, wehave collected 26.1 million eliminate these faulty observationBata cleansing was

observations frol390 stations. critical to ensure that théata used to train our prediction
modelswas valid

! http://www.bicing.com/localizaciones/localizaciones.php
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Table 1 Size of the raw and Figure 2. Normalized weekday Figure 3. Normalized veekday Figure 4. The total number of bicycles
cleaneddataset and weekend DayViews of and weekend DayViesv of checkedout from all stations over a wee
available bicycles at Station 37. activity scoredor all stations.

Observation Removal We eliminated approximately an online surveywe conducted earlier this yeavith 212

10% of the 26.1 million individual observations collected respondents,in which 75% of Bicing users state

from the Bicing website due to: (a) a fluctuatiBg+ S ; commuting ag motivation to sign ufor membership

(b) unattaindle valueswhereBi+Sexceeded th t i 0

size; and (c) unusually low station activity, Where§2 §paﬁo{efn80?a? Patterns

ES<0.1*ESws Within a twelve hour sliding time window. The spatial layout of a city has an obvious influence on the
Day Removal We theneliminated13.7%of all observed ~movement patterns and social behaviors found theBain.

days because: (a) there were too few observations for tif€lona has a mixture of residential, commercial, and recrea

day (less than 70% of tH&20 possible observations/day); or tional aeas connected via narrow streets, -oiay avenues

(b) the day exhibited extremely anomadobehavior,j.e, and a multitude of public transportation optiorsd

the DTW distance bet ween tapegephiq tegtures{g ivestgate how Bigingi usage s

DayView was larger thatwo standard deviions from the patterns are shared across stations and geographically

stat a'vmag@[sTV\[jistanca:omputed across all days_ distributed in the city, we used a hierarchical clustering
Station Removal. Finally, we removed all stations that technique calledlendrogram clusteringDuda, 2000)over

had less than 30 weekdays (out of a total of 64yadd €each stationds DayViews

data, according to the previously described critefiais We built two sets of clusters: one based weekday

stepreduced the number of stations fr880to 370 6.1%). Acti vity Score DayViews5)(fAAct
At the end of this procesa total 0f20.2 million observa ~ and the other orweekday Available Bcycle DayViews

tions renained as depicted iTablel. (ABicycle Clusters,o Figure 6)
weekday DayViewrepresetation was created for each
3 Temporal and Spatiotemporal Patterns station and a similarity matrix constructed to store the DTW

distance between each cluster. The clustering algorithm
Obegan with 390 clusters (one for each station). Clister
cluster similarity was calculateasthe average of aIDTW
distance between theweekdayDayViews ofeach station
within the clusterAt each clustering iteration, the two most
3.1 Temporal Patterns similar clusters were grouped together.Clustering
Figure 3 comparesDayViews of normalizedweekday and terminated when theaverage interclustdo-intracluster
weekendActivity Scores (AS) for all stations The shaded distance was mdmized with a weight applied to decrease
background in Figure 3 plots the standard deviation of théhe total number of clustersNote that the clustering
scores within each birkigure 4shows theotal number of al gori t hm had no knowl e-dge a
bicycles checkedut from all stations over a weehver location.

aged across th&3-week observation perioBoth figures Figures 5 and 6 (top)lustrate the clustering results in a
reveal a repeating thre@ronged spike instation activity geovisualization of Barcelonand show that neighboring
during the weekdaywhich corresponds to the morning, stations generallgharesimilar usage pattern&ach node
lunch, and evening commutes.h e fil unch s pdpresentsdoa statiom lodation colored according to cluster
appears across allays, occurs at 2PM, reflectine late membership.The line graphs shown in Figure 5 and 6
lunch culture of SpainAs one might expect, the morning (bottom) were created by averaginghormalized
commute is absent in the two weekend days, resulting in activity/bicycle data acrosall the stations in each of the
two-pronged spikeFridays are the least active weekday clusters. The shading around the lines depicts the standard
most likely dueto reduced working hours in many offices in deviation across stations each of the 288 DayViewins
Barcelona,Mondays are the most activehich isalso the  The linecolors are consistent with the cluster colesgdin
mostcongested vehicle traffic dayhe fact that people tend the map visualization.

to use Bicing more during the work weeflectsresults of

Before exploring the predictability ofindividual station
usage we discussemporal and spatiotemporal patterns an
highlight how these patterns reflette underlying cultural
and spatial characteristics of Barcelona

2 hitps://catalysttools.washington.edu/webg/surveyljfroehli/56481
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Figure 5. The five Activity Clusters created by progressively combinini  Figure 6. The six Bicycle Clusters created by progressively combining
similar Activity Score station DayViews via dendrogram clustering. similar available bicycle DayView clusters via dendrogram clustering.

Activity Clusters. The clustering algorithm returnédiVe bicycle up to the higher altitudes, thus leaving those stations
activity clusters [igure 5, each with a similar three in ClusterB1 starving for bicycles.
pronged spike shape (see also Figure 3). The clupteesr ) ) o
ally become more active (from Al to A5) as one moves} Station BehaviorPrediction
from the outward edges of the city into ddwwn. The least \ye focus next on the prediction of sttion usage In
active cluster, Cluster Al (N=207), surrounds nearly theyarticular, weare interested in predicting the number of
entire perimeter of Barcelona. The more active clusters (AZyailable bicyclesat eachstation at a given time in the-fu
A4, and AS) become noticeably more active as the day adure This work is related to traffic forecastingMost
vances. _ o approachesn traffic engineeringrely on flow theory and

Bicycle Clusters. Our algorithm identified six bicycle incorporate queutheoretic models (Vandaet al, 2000).
clusters (depicted in Figure 6) with three classes Ofjonitz et al. (2005) took an alternative approach that is
behavior: outgoing (Clusters B3 and B4),incoming  closely related to ours: they successfully modeled key traffic
(Clusters BS and B6) anflat (Clusters B1 and B2)The  pottieneck areas using a Bayesian network andraghthe
outgoing clustersshow a precipitous drop in available- bi yngerlying flows. Similarly, we do not attempt to model
cycles around -BAM as people leave for work, a slight rise jngjvidual bicycle movements in the city but rather focus on
at 2-3PM during lunch and a return to early morning levelsyodeling Bicing station usagtrectly.
by 10-11PM. These stations are spread around the edges ofpregictive tation usage modelsould (a) allow for more
Fhe dpwntovyn and mldtown sections Qf the CIfK/hQ accurate load balancingf the stations; If) assist urban
incoming stations are Ioc_adbm h|gh density commercial planners and city officials by providing them with
areas and alongwo major arterial routesRambla de jnformation abouexpectedactivity in the city; and €) open
Catalunya and Avinguda Diagonalhe incoming station the way to new mobile services for Bicing users.the
shape isearly inverse of the outgoing stations: people bepreviously mentionednline survey, Bicing users identified
gin arriving around BAM and begin leaving around finging an available bicycle and parking slotas the two
1-2PM. Many financial businesses in Barcelona open aingst important problems in their Bicing experience (76%
9AM and close around 2:30PM, which aligns well with thegng 669 of respondents, respectively). Therefore, we are
tenporal patterns of these two clustefinally, clustersB1 |50 interested in predicting the probabilifyfinding a free
and B2have relativef flat usage patterns. Cluster Bnds  picycle and slot in a station at a given time in the future.
to have a high degree of availa bicycles (on average,is  Fyrthermore, our models shed light same of thefactors

66% full) whereascluster Blis just the opposite (15% that influence theredictability of station usage behavior
availability). One reason for this discrepancyikely due to

Barcel onads topography: t h%4l Madelsof $tatignBehavior s bui It on
incline. Stations located at the top of Fig@rare between We have implemented four sjple predictive models
80-110 meters above sea level versus those at the bottoincluding a Bayesian network (BN)Yo predict the
which are at €10 meters above sea level. People tend not tavailability of bicycles at eachstation. All models have
three input parameters: (1) the current tigie(2) the last

a



known number of bicycles at time&, (Byo); (3) and a The dimensionality ofthe values in thethree observed
prediction window(PW) that specifies how far into the discree nodeswill have an effect on theaccuracy of the
future to predict. In this paper, we focus oRW values BN. We carried outextensive experimentwith two pilot
ranging from 10 min to 120 mjras they correspond to the stationsto determine th@ptimal dimensionality of the dis
most common Bicing usage scenaridodels that use crete nodes. The above configuration had the smallest pre
historic data have a fourth input parameter: all previousliction error andhereforehas been usefdr all stations.
observations up to timg. The threehistorybasedpredictors useé three weeks of
Last Value (LV). This modelpredictsthat the curret  historic data from Nov. 2, 2008 toNov. 23, 2008 (see
number ofavailable bicycles remains constant atsitlast  Figure10) to build their modelsTheHM andHT predictors
measured value dfy, for all PW: usel the corresponding DayWes built from the same
||->f4 (< ” ”__) - ” threeV\_/eek period Each BN Was.trained by compting a
o oo [0 “ posterior over the parameters given the fully observed data
Hlstor[c Mean (HM). This modeldynamlcally CONnstructs  from time, bikes PW and delta, with @ 'Q coveing the
a DayView based on all observationgto @, , and returns  tyreeweek period of training data, in five minute
the value at thecorrespondingDayViewo sime bin (& +  increments We used the M#ab BN toolkit by Kevin
0&). More formally:Let the average number bfcycles in Murphy® to learn the parameters of tiBayesiannetwork
time bin"¥ within a DayView be denoted a8-veo. The (| earn_paramso) and to comput
HM Tp'redictor forecasts th@umber of bicyclesat time  ynopserved delta notein( the toolbox labeled as
@+ Lw: Aimarginal nodeso of a fAjtree i

s TAO T PN x Sl FTpeS 4.2 Prediction Evaluation

In other words, this predictor returns the average numb
of bicycles in the time bity + 0.

Historic Trend (HT). This model builds upon theV and
HM predictors. The historic trend is extracteddmynputing
the difference inthe average number of bicycles at and
& + 0w , andaddng it to the current number of bicycles,

6w:

Ve used thaextfive weekdays following our training data
(i.e.,from Nov. 24 to Nov. 28, 20080 evaluate the models.
To simulate reaWorld conditions, we did not remove
unusual days from the test data. Starting at midnight on Nov
24" the predicthtn models were fed the current time (in five
minute increments), the current number of available
bicycles, and each of the six previously mentior&d/
||"fﬂ4| <ol =+ ”%l I <+ b ||4| I« values. For eaclPW, our models returned thergaicted

Bayesian Network(BN). This model consists af simple  humber of available bicles.
BN per stationwith three observedinput) nodes and one  The prediction error was computé as the absolute
hidden (output) node where all observed nodes are thedifference baveen the_ predigted number of bicycles and the
parents of the hidden or output node (naive Bayes), ﬁound truthobservationat timet, + PW. The error was
depicted in Figuré. nor mali zed b Yy t he s tNAB Ljnits)n 0s S i
For completeness, we also compared our resultsa to
Random pedictor (Rand) which returns a random valu

drawn from a uniform distridion between zero and the
stationbés size.
Table 2 lists the prediction error for each of the models,
\ / averaged over all stations, all days and all valuePWf
The BN predictor had the smallest average error of 0.08
NAB. At a station with 25 slots, this corresponds to an
average error of two bicycles (8%).
Figure 7. Graph of the BN Inter(_astingly, the HM predictpr performgd woi all -
) _ excluding the randommodel i mpl yi ng tlat a
The nodes of the network ar@) time, adiscrete observed activity is quite varied when compared to its historic mean.

node with 24 possible values corresponding to each of thenis highlights the importance of giving more weight to the
hours of the day; (2pikes the value of NAB at timet,  most recent observations.

discretized intdive binsg where a valu®f onecorresponds Full-Empty Station State Prediction. From the

to 0-20% of bicyclestwo corresponds to 280%, etc; (3) perspective of both Bicing users and managers, a more
PW, the size of the prediction windowvith six possible ysefulmeasure is the accuracy in predicting if the station is
valuescorresponding to 10, 20, 30, 60, 90 and 120 minutegmpty (i.e. relevant when someone wants to pick up a
into the future; ang4) delta, a continuoussaussiarvariable  pjcycle) or if the station igull (i.e, someone wants to drop
that containghe changein the number obikesat timet + off a bicycle). In both cases, the statistatecan easily be

PW with respect @ its value attime t. Predictionsin the  gerived from the nmber of available bicycles as predicted
number of bicyclesare made by adding the value of the py ouyr models.

deltanode to the most receabservation

oy <l = || <+ deta

% http://www.cs.ubc.ca/~murphyk/Software/bnsoft.html
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Table 2 Averageprediction error ~ Figure 8. Prediction error as ¢ Figure 9. Prediction error as ¢ Figure 10. Predidion error as a
of the four models and the randc  function of the size of the predictiol function of the timeof-day using a function of days of trainingata from
predictor window two-hour prediction window one stationsper cluster atPW=120

In Table 3 below, we compare the resulting classificatiomearly as well as the best performing predictorsPidf <=
errors applying the above models with a PM28min, 60 min Thus, for smallPWs the number of available
which is the most challenging scenarMote that in the bicycles atgis a strong indicator of the number of available
analysis below, we: (1) exclude tigand HM and LV  bicycles atd + PW. For PWs >60 min however,the HT
models, as they perform poorly fd?W=120 min (2) @andBN predlctorst_)egm to perform 5|gn|f|cantl_y better th_an
include the classification error of two additional binarythe rest an unpairedt-test shoved that the difference in
classifiers that have been trained to predict the station statd¥ediction error atPW=120minis significantbetween all
a decisionrie classifier (ID3and a support vector machine foUr predictors: (1002229 = 34158 p < 0.001
classifier (SVM) with a dot product kernel. Both classifiers (Bonferroni's - adjustmentfor comparing five models
have been trained and evaluated with observation triple@PPlied) A mobile Bicing user interested in predicted
that consist of the time of the day (in minutes), thestatlo_n vacancies would likely be most interesteB\d <=
percentage fulbf the statior(i.e.a number between 0% and 60 min wherethe LV, HT, and BN models are abléo

s R . .._predictthe number of available bicycles to withinsiegle
100% specifying how full a station is with respect to 'tsbicycle.
capacity) and the state of the station (full/not full; and”jne of the Day. Figure9 shows the accuracy of the four
empty/not empty) aPW=120 min. Note that we train one

oo - o predictos as a function of time of dayAs expected, all
classifier per binary decision: full/not full angimpty/not predictos perform wellduring the nightwhen there is little

empty. o o activity, andbecomeless accuratduring the dayAlthough
Method F%resd'ft'g”t eir roc';"r: Pr;‘ict“og frriOfg'n all predictors performed worse during the most active times
of day, the BN was the most resilient.
BN 13.3% 12.0% Amount of Historic Data. Three of thestation usage
HT 13.7% 12.0% models requiral previous observationsto build their
ID3 13.3/6 12.5%6 predictiors. Given that our models are data driven, an open
SVM 14. % 13.8% quesion is how much data is needed to build accurate

Table 3. Comparison of the error dbur classifiersat PW=120 min. The ~ Models.Figure10 showsthe average predictiogrrorfor six
predicted number of bicycles of the HT and BN modeiseused tobtain ~ Stations(one per Bicycle cluster) &W=120min The more
the predicted station stati contrast, ie ID3 and SVM classifierare observations e, the lowerthe prediction erroof the HT
directly trained and evaluateeith the station state. and BN predictorsAfter 15 weekdays of training data, the
Interestingly, the four classifiers listed in TalB show average prediction error plateaus, showing a 28%) @nd
very similar classification errors, despite using different26% (BN) improvement over predictorsined withonly a
input variables and optimizing different cost functionsSingle day.Note the error of theHM predictor actually
(generativevs discriminative approaches). The similarity INcréases with more observations corroborating the
between prediction errors may indicate that the lower boun#ituition that more recent data should be weighted higher.
of stationstate predictability is ~12%. Data from additional _>taton Clusters.To better understand how station usage
sources €.g., weather, local event information, train PaUterns affect predictability, we grouped our prediction
schedules) might be needed to overcome this barrier. resul_ts bythe Activity and Bicycle Cl_usters presented in
Section 3. In general, the more active stations are more

4.2 Factors that Impact Predictability diffieult to predict (_Figure 11). The BN gnifieantlybee
Next, we discusfactorsthat impacthe predictability of the ter in the more active clust_ers than other predlctors.fl'a'pe
o T clusters (B1 and B2) sailt in the lowest overall prediction
statiors 0 usage - error as there is minimal variation in bicycle availability
Prediction Window. The averageprediction erroras a over time (Figure 12). There is no significant difference

function of PW is shown in FigureB. The HM predictor b ; . . :
. etweenincoming and outgoing stations, probably due to
resudted in an average error of 0.tegardless othe PW. If having similar, yet reversed, dynamics igittbehavior.

station usag&vasperfectly consistent acroseeeldays, this
predictor would perform flawlesslyThe LV predictor did






