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ABSTRACT People living in major cities especially in NYC,are
Many cities suffer from noise pollution, which compronsise increasingly concerd abouttackling the problemcalling
peopl eds wor dnd evgnmenthl fhealthNewn ¢ Yor technology that cadiagnosehe citywide noise situation
York City (NYC) has opened a platfornertitied 311, to andthe compositiorof noisesin different places

allow people to complaiaboutthec i tissdsdy using a
mobile app or making a phone cailbiseis the third largest
category of complaints in the 311 dafes each complaint
about noiseis associated with lacation,atime stamp and
a fine-grained noise category, such @lsoud Musia or

Modelingcitywide noiseshowever,is very difficult, asthe
level of noises varies by locations and chang@ver time
significantly. Moreover, fesides théevel of soundmeasured
in decibelsthe measumaentof noise pollution also depends

~ o . n tolerancedifterentnoise
nConsErucnom, tr(r‘]bedd aNt a I's ac t tllmum_bri aga a tin{ese.o? r e&i Ig,at night peopl ebstot ol er
Sensoo a rciowd rsensing contair ning ,,kekié uch IoHlerp grdurlng thedaytime A quieter

intelligence that can helhagnoseaurban noisedn this paper
we infer thefine-grainednoise situation(consisting of a
noise pollutionindicator andthe composition ohoises) of
different times of day foreach regiorof NYC, by usingthe
311 complaint data together with sociatdin, road network
datg and Points of Interest®Ols) We model the noise
situation of NYC with a three dimension tensor, where the
t_hree dimensions _:stand for regions, noise categories, an om vehicle trafficand 1®6 from constructionsis vital to
time slots, respectivel\Supplementinghe missing entries tacking noise pollution

of the tensor through a conteaivare tensor decomposition 9 P '

approach we recover the noise situation throughout NYC While mOde“ng urban noise pO”UtlQE very difficult, other
The informationcaninform people andbffic i al s 6 d Ebiyitgus @atp sourcesdicatingurban noise are already
making We evaluateour method with four real datasets, available. For examplesince 200, NYC has operateda
verifying the advantages of oumethod beyondfour platform that allows gopleto call 311 to complainabout

baselines, such a@seinterpolationbased approach. whatthey feel annoyed bfwithout being aremergencyin
the city[1]. According to311recordsrom 2010 to 2014 the

third largest category of complamhas beerabout urban
noises. Whencomplairing aboutnoises peopleare required

noiseat nightmay beconsidered a heavier noise pollution.
Consequently, \ven if we could deploy sound sensors
everywhere diagnosng urbannoise pollution solelybased
on sensor data notthorough Furthermoreyurban noises are
usually a mixture of multiplsoundsourcesUnderstanding
the composition of noises, e.gn, evening rush hour40
ercent of nois@ a givenplacecomesrom loud music, 30%
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ACM Classification Keywords to provide the location, time and a figeained noise
H.2.8 [Database Managemerjt Database Applications category, such dsud musicor constructionThis means that
data mining Spatial databases and GIS the 311complaint dataabout noisess actually a result of

fhuman as a sensba n drowid sensing containing rich

human intelligence that can helps understandnoise

pollution f r om peopl e & sSpecjically,stipee c t i v ¢

INTRODUCTION o . _ number of 311 callgabout noisesjnade in docationis an

The rapid progress of urbanizatiowdernizepeopl® kves,  indicator ofthenoise pollutiorof thelocation(see Figuré),

but also creaes noise pollutionin cities In addition to  and the distribution of tee 311 complaintsover different

cornpromsmgmrkmg efficiency andjuality of sleep urban _nhoise categories may describe twnposition of noises in

noiss mayi mpair peopl eds physitefdatiorROndne otherrhand, the 31edath i Very sparse
(see Figure 6 for detailspsthere are notlways people

Permission to make digital or hard copies of all or part of this woi reporting ambient noiseat a given place and time

personal or classroom use is granted without fee provided that cor R . h . . iafi | . hatl h

not made or distributed for profit or commercial advantage and that ecovering the noise situati ocations thatlo not have

bear this notice and the full atton on the first page. To copy otherwise sufficient 311 data remias a challenge.

republish, to post on servers or to redistribute to lists, requires prior s ]
permission and/or a fee. Fortunatelythe big data era has brought us unprecedented

Ubicomp '14 September 1317 2014, Seattle, WA, USA datain urban aregssuch asiser checkn datafrom location
Copyright 2014 ACM 978-450329682 / 14/ 0@& $ 15 . based social networks, POIs, and road networkese data

General Terms
Algorithms, Experimentation.



sourcesalsohave a correlation with urban noisgsoviding 1 Citywide roise modelingBeyond raw sensor datdyet

complementary information feinpointingurban noises~or 311 data indicatesot only thelevel of noisein a place

instance, a region with denser road network is more like but alsopeopl eds react i dfferennd t «
to embrace heavier traffic noseLikewise, a region with cakegories ofnoiseandduring different timespansof a

many barsis very likely to generate music nossan the day. Using a3D tensoy we simultaneouslymodel the

evening Additionally, a bamwith more user checkswould correlation ofnoisesamong different locations, time

generate a louder noig¢see later sections for more details) spansand noise categories

In this paper, we infer thaoise situation (consisting @ 1 Dealing with data sparsityThe 311 data is very sparse,

noise pollution indicator and a noise composition)of resultingin a sparse tensofFilling in the missing entries
arbitraryregiors of NYC, atdifferent time intervals of a day of the tensorsolely based omonzero entriess not

by combining thehistorical311 noise complairdata over a accurate enougito deal with the data sparsity of the

period of time withsocial media, POIs, and road network tensor, weextract three categories of featufes om user s
data.According to the noispollutionindicator,we can rank checkin data, POlsand road netwd data From

locationsin different time spans, e.§am5am onweeldays differentperspectivesnd built from other data sources

and 7pm-11pm on weekendsas illustrated in Figure 1 A) the three feature setepresent théemporalcorrelation

the darketthe color isthe heaviethe noise pollutionis. Or, between different time slotshe geospatiatorrelation

we canrank locatios by a particulamoisecategoy, such as between different regions, aride correlation between
construction as depicted in FigureB). We can also check differentnoise categorie®y feeding these featuisets

the noise composition of a particular locatwranging over into the tensor decomposition proces® reduce the

time, e.g. Time Squargsshownin Figure 1C). error of tensor decomposition, thbyeimproving the

accuracy of noise inferenge
Weekday0-5am Weekend 7pm-11pm Weekday 6am-6pm
< " /] K

I e n.. 1 Realevaluation We evaluate@dur method byextensive

expeiments that uséour real data sef81]. The results

o 4 s B demonstrate the advantages of our method befmird
184 4 oun ™ baselinessuch a<riging [14], andreveal interesting
I i discoveries thatanbring social goodo NYC.
oz j{j B The rest of this paper is organized as follow® second
. 188 <N, section overviews the framework of our method. The third
| i / ‘ a4 section describes the datasets we use lawl they are

A) Overal noises B) Construction correlated withnoises. The fourth section introduces the

Coud Music/Parey I o e _ method for noise inferenseand the ifth section presents

E‘ ou usic/Party onstruction Tivate carting noise| H H H . . .

£ | [ Loud Television [ AC/Ventilation [ Otters resultsandvisualizations The sixth section summarizes the

3 related work followed by the conclusion in the last section

g OVERVIEW

3 Preliminary

2 06 T T s A R Definition 1 (Road Network A road network'Y 0 is

z Time of Day comprised of a set of road segmeiritsconnecteetween
C) Different noise categories in Time Square each other inheformat ofagraph. Each road segménhas

Figure 1. Results of our research two terminal nodesa series ofntermediatepointsbetween

the two terminals, dengthi & Q& classification (level)

To achieve theegoals, we first partition NYC into disjoint . = /= . A
. . . - i & 'Q8.9., a highway or a streethe smallei & Qaj road
regions by major roads, using a map segmentatgorithm segment is, thehigherthelevel ofi is.

[24]. We then map the 311 noise complaints onto these
regions according to their geospatial locasiobuilding a Definition 2 (POI): A point of interest (POI) is a venue in a
three dimension tensor, whettee three dimensions denote physical world, like a shopping matir theatre having a
regions, categories of noisasd time slotsEach entry ofthe name, address, coordinates, category, and other attributes.
tensorstoreshe number of 311 complaints about a particular pafinition 3 (User Checkn): In a locationbasedsodal

noise category in a particulergion and a particulaime slot. networking service (e.g., Foursqua user can mark a

: : N . e
We fill in the tensorods m'vén&e'(é?gg a s%dbﬁinrg 'mﬁusﬁmn {hEusgr'arrivesv"tﬁefe,h out

complaints), ging a contexaware tensor decomposition v h is known asa checkin. Each checkn has a time

approacfthatcombines 311 data with user cheok, road g3 mpanda geospatial coordinateisually associated with a
network data and PQl#fter that the value ofanentryis POI category, such dsod and dining

used as a noise pollution indicatufra region in a time slot

and in a noise categqrsind the valug ofthe entriesacross ~ Definition 4 (Noise Complaint: Eachnoise complainti
different categoriesahote the composition of noisgsthe ~ contains a timestamp locatione i 8&xdended bya (atitude,
region Our approacthasthree prinary contributions longitude) or street addresanda complaint categoryi 8o



Framework

Figure 2 presents thearchitectue of our systemy which
consists of hreemajor layers 1) data acquisition?) noise
inference,and 3) service providingWe will detailthe first
two layersin thefollowing sectiongespectively
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Figure 2. The architecture of our method

DATA ACQUISITION AND ANALYSIS
This section introduces four data sourcasd analyzeshe
correlationbetween them andYC&s noises.

311 Data about Noises

311isN Y C governmentahonemergency serviceumber
allowing people in the city taomplainabouteverything that

is not urgent by making a phone call, or texting, or using a
mobile app.According to the 311 data recorded from May

23, 2013 to Jan. 31, 201268 weekdays an@8 weekends)
67,378 complaintswere aboutirbannoise whichis ranked
the third largestut of the 18 €omplaintcategoies Table 1
shows the 14 fine-grained noise categoriesnd their
proportions in theotal number ofnoise complaints Loud
music/partyis the largest Figure 3paintsthe 236day 311

be fortwo possiblereasons. One is weekends could have

more sources of noises thareekdays, such afootball

games and parties. The othermpmple have more time to
complain during the weekendsStaying at home, their
expectationfor a quiet day ishigher than a workday.

Specifically, weekends have less complaints about air
conditions/ventilation than weekdays. The reason is very

intuitive. The air conditioimg and ventilation systesnof
many buildings may be suspended during weekends.

.~ . 1
Il Air condition/Ventilation equipment || Loud Music/Party [lll Horn Honking Sign Requested Ij Others
[ Atarms [ Loud Talking B Jack Hammering
[l Banging/Pounding [ Loud Television Lawn care equipment
[ construction [ Manufacturing

Figure 3. Complaints of noisesin NYC (5/23/2013 to 1/13/2014)
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Figure 4. Number of complaintschanging over time of day

complaints about noises on a digital map, where the heightrhe datgpresented ifFigure 3 and 4vell demonstratethe

of a bar denotes the number of compisiim a locationFor
example, we can see thsbuth Manhattarwas suffering
from ConstructionandLoud music/party

Table 1. Categories of noise and their proportion in 311 data

valueo f hurflan as a sensor a oravd $ensing ,
each individual contributes their ovimformation about the
ambient noiseghe individual information is thesiggregated

to diagnose the noigmllution throughout a cityThe noise

categories tagged by a complainer can hahalyzethe
composition of noises in a location.&lsofind 311 nise
complaintdn a locatiorhave a correlation with its real noise
level. Figure5 studesthe number of noise complaints and
real noiselevels (collected througha mobile phone) in36
locations,in daytime and nighttime respectivel]§2] detaik
how we collectreal noise leveldrirst, giventhe same time

wher e

Categories % Categories %
&. Loud Music/Party | 422 | &.Alarms 17
@. Construction 172 | &. Private carting noise | 0.8
@. Loud Talking 146 | @ .Manufacturing 03
. Vehicle 137 | ® .Lawn care equipmen] 0.3
. AC/Ventilation 3.9 ® . Horn Honking 0.2
w.Banging/Punding 21 ® . Loud Television 0.1
. Jack Hammering 21 ® . Others 038

spanin a day,the more 311 callaremade in a location, the
louderthereal noisas in the locationWe see the same trend

Figure 4 shows the number of 311 complaints in the top fivein Figure5 B) and C)If given sufficient 311 complaints of

noise categories changing over time of day, whibe
complaints of the 68 weekemthys are aggregated into ®n

any locationand at anytime, we can recover the noise
situation throughout the city by doing some simple stasiktic

day. As the number of weekdays (168) is more than weekendnalysison the complaint dat@n the other hand, there are
days, we randotly select 68 weekdays and aggregate thesome locations (marked by the red cisdhown in Figure 5)
complaints of these days into one day, for a fair comparisorhaving very few 311 complaints but stilith considerable

with weekenddays. It is interestinghat more complaints

were madet nightthandaytime. This indicatt h a t

real noises. This is caused by the sparsity of 311 complaint

p e adatd, eeghawving nocomplaint records does not mean no
tolerancefor noiseis lower at night Generally, weekends
have much moraoisecomplaintghan workdays. Thisould

noise.To diagnose the noises throughout a city, we need to
recover thesenissinglocations.Secondthe data of dferent



time spans are not comparabs shown in Figure 5 C), the also in NYC.The checkin data from Foursquarare also
real noiselevel at 6am6pm is actually higher than 7pm associated with one or more categorfas:& Entertainment
11pm; however, more complaints were made in the latterCollege & UniversityFood Great OutdoorsNightlife Spot
time spanasp e o p | e 6 sto noizds & mach Dveeat Home/work/otherShop andTravel spot As NYC hasnot

night The discoery reveals the advantage of 311 data change tremendously recentlyy e o pdheckins patterns
beyond raw sound dat#ihis also motivates us to model the hawe remaired similar over the past two years. This allows

us to correlate the chedk data of different timgewith the
311 dataOther types of human mobility data, suchrasbile

noise situation in different time spans respectively.
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B) Correlation inbam-6pm

Number of noise complaints

C) Correlation in7pm-11pm Likewise, the number of user chetls at the nightiife spot

A) Locations
Figure 5. Correlation between 311 complaints and real noise
level: A) shows the geadlistribution of th e 36 locationsin NYC
that we test B) plots the correlation during the time span 6am
6pm. The blue broken line fits the majority of points except for
those falling in the red circle.

Figures 6 and 7 furtheexplorethe sparsity of the 311 data.
Each plot in Figue 6 denotes the proportion of regiqsse
Definition 5) with thenumber of complaints smaller than its

correlation 0745 P-value of FTest<< 0.001).Figure8 B)
respectivelypresents thegeospatial distributions ofiser
checkins (in Art & Entertanment and Nightlife spot

phone datar GPS traes of taxis, can also be applied here.

As shown in FigureB A), we found a strong correlation

complaints are normalized into a value falling in [0, 1].

categoy also has a positive correlation with the number of
complaints in the categoryoud music/Party(Pearson

categoriey and the noise complaintén Loud music/party
category, where they have similar geospatial distribution

value onthehorizontal axisFor instance, over 90 percent of
regions have received less than 60 complaints in total in the
68 weekdays (i.dess han onecomplaint peregion peday). c
Figure 7presents the proportion of regions having at leasts

a

one complaint from the top five most frequent noise & 00

categoriesWhile a few regions may not really havany
noise pollution, the majority of regismwithout 311 dataare
due tolack of people reportingoise.Given the sparseness
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of the complaints, recovering the noise situation throughout
a city solely based on the complaint diataot good enough
S0, we turn toother data sourcder help.
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Figure 8. Correlation betweenuser checkins and311in NYC

Road Network and POls
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Figure 7. The proportion of regions with
complaints of a noise category
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Figure 6. Proportion of regions with
complaints smaller than a number

User Check-in Data

User checkn data from locatiorbased social networks
denotes human mobility in citiewhich is relevant to urban
noise First, peoplethemselvesre source of noisealking
loudly or playng musicintensely Second, human mobility
indicatesthe traffic volume anéunction of a region5][26]. noisesituation For example, if a region has many bahg,
These factors have a strong correlation with noiSesdeal amountof loud music andalking tend to be high. Aark,
with the data sparsity problem of 311 data, we also collecthowever s usually quietThe structure of a road netwairk
from Gowalla 127,558 checkins that were generated from a region like the numbeof intersectionsndthe totallength
4/24/2009to 10/13/2013in NYC, and 173275 checkins of road segmest also has a strong correlation witthe
from Foursquare (generated froBt5/2008to 7/23/201) r e g i tafficiatterrs, which is a major noise source.

people in the regigrvhi ch ar e very

Theinformationon POls in a regionsuch as the number of
POls in different categories and e¢hdensity of POIs,
indicates the function of the regioas well as the flow of
rel
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