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Abstract—In this paper, we introduce the cellphone- of participatory sensing is to enable the fitting of a model
based indirect sensing problem. While participatory sens- on the phenomenon by using the sensor values collected
ing aims at monitoring of a phenomenon by deploying @  from the cellphones, whereas indirect sensing deals with
dense set of sensors carried by individuals, our indirect  1he converse process: leveraging on an existing model to
sensing problem aims atinferring the manifestations of o jict the values individuals have been subject to. For

a sparsely monitored phenomenon on the individuals. The L . : .
main advantage of the indirect sensing method is that, the indirect sensing problem, the time-location logs kept

by making use of existing exposure modeling and esti- by the cellphones play a major role, while direct sensing
mation methods, it provides a more feasible alternative at the cellphones is not necessary.
to direct sensing. Collection of time-location logs using  There are several applications of the indirect sensing
the cellphones plays a major role in our indirect sensing problem. To keep our discussion concrete, we focus on
method, while direct sensing at the cellphones is unneeded.the air pollutant exposure estimation as a running exam-
We focus on the air pollutant exposure estimation problem ple Here the goal is to accurately determine the impact
as an application of the indirect sensing technique and ot 5 hollution on an individual’s health. This problem
p:gg;)esn?aweb-based frameworkMAP, for addressing this is difficult because many air pollutant concentrations,
P ' particularly those related to vehicular traffic, vary as
much within cities as they do between cities [7]. To ac-
curately estimate individual air pollutant exposures when
Wireless sensor networks (WSNs) [4], [12] are inad&tudying their health effects, this intraurban variation
guate for large-scale sensing tasks due to the limitatiomseds to be taken into account.
of communication reach, battery life, and the static The main advantage of the indirect sensing method is
deployment of the sensors. To overcome these handictht, by making use of existing exposure modeling and
against scalingcellphone-based participatory sensing estimation methods, it provides a more feasible alterna-
has been proposed to enable public and professiotigé to direct sensing. The feasibility of the direct segsin
users to share their local knowledge [1], [10], [11Japproach is limited by the cost, size, and bulk of the
[15], [20]. In this approach, sensors on the cellphonegferent sensors required. For the air pollutant exposure
gather data, and these data are collected to form a fingenitoring application, the sensors for RPM(fine par-
granularity monitoring of a phenomenon in a largéiculate matter, one of the most hazardous/critical pollu-
scale area. Example applications include urban planningnt type for human health [2]) are at least 5lbs in weight
public health, cultural identity, creative expression arehd around $5000 in cost. In contrast, indirect sensing
natural resource management. is feasible for the air pollutant exposure application due
In this paper we introduce theellphone-based to the prevalence of exposure modeling and estimation
indirect sensing problem: a dual and complementarymethods. In US cities, the regional air pollution monitor-
problem of the one that participatory sensing addressigy agency provides streaming pollutant information data
While participatory sensing aims ahonitoring of a from several monitoring sites employing BMsensors.
phenomenon by deploying a dense set of sensors carried In many urban areas, it is possible to use these data
by individuals, our indirect sensing problem aims ato develop an interurban prediction model that allows
inferring the manifestations of a sparsely monitored estimation of location-specific air pollutant exposures.
phenomenon on the individuals. In other words, the goal Further, using the time-location logs from a cellphone,
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it is possible to return an accurate estimation of the groblem.
pollutant exposure for the individual. To implement our indirect sensing method, we propose
Indirect sensing decouples the accurate determinat@web-based frameworkVIAP, for indirect measurement
of the effects of a phenomenon on an individual (whichf air pollution exposure with cellphones. In our pro-
is done by using the model and the time-location loggpsed framework, cellphones collect time-activity logs
from the construction of the model (which is done bfor their users and transmit this information to a website
collecting data via direct sensing at several locationgjpportunistically when an available wireless access point
As a byproduct, indirect sensing eliminates some privagy encountered, or through general packet radio service
concerns. The user may choose not to disclose H&PRS) as a fallback mechanism. The website also pulls
time-location data, and instead download the model a®lS information from other websites and calculates indi-
perform the indirect sensing on her cellphone or P@idual exposures using the time-location logs. We outline
This being said, we note that indirect sensing can alsar plans for an air pollutant sensing deployment of
be participatory. Several applications are made possiiMAP using 50 Motorola MC35 cellphones. We identify
just by publishing time-location data, including urbathe Motorola MC35 cellphones as being most suitable
planning, epidemic monitoring, and social networkingpr our deployment due to theluilt-in GPS modules
applications. In fact, in our proposed iIMAP frameworland wi-fi interface.
below, we consider publishing of time-location data to a Qutline. After introducing the air pollutant expo-
secure central web-site for processing. sure estimation problem in Section Il, we discuss the
Contributions. We introduce the indirect sensing.UR method in Section Ill. In Section IV, we present
problem for cellphone-based sensing. This problem feur proposed web-based framework. We present further
cuses on accurately estimating the value of a mogiscussion on the applications of indirect sensing in
eled phenomenon on an individual using the cellphongection V and conclude our paper in Section VI.
captured time-location logs of the individual. The advan-
tage of this method is to decouple the construction of the || A |R POLLUTANT EXPOSURE ESTIMATION
model (which can be performed using sparser sensing)
from the accurate estimation of the effects of the model Two million premature deaths annually are attributable
on the individual. to air pollutants [9]. Even at lower levels typical of
We illustrate the indirect sensing method using th@ore developed countries, air pollution adversely im-
air pollutant exposure application as our case study. Pacts health across the lifespan. Acute and chronic air
this end, we identify “Land Use Regression” (LUR) [19pollutant exposures increase risks of cardiovascular and
as a suitable modeling solution. LUR uses geographispiratory diseases [8], exacerbate, and perhaps cause,
information system (GIS) software to measure local tra#ésthma among children [21], and increase risks of neona-
fic, population, and weather characteristics measuredtait death, low birthweight, and preterm delivery [21],
regional air monitoring stations. Next, linear regressidd3].
models are designed to quantify the relation betweenEstimating air pollutant exposures is difficult for the
the set of these environmental characteristics and flelowing reasons. Air pollution is usually highest in ur-
air pollutant concentrations measured at each site. Ban areas. Many air pollutant concentrations, particylarl
use the model, the same environmental characteristioese related to vehicular traffic, vary as much within
are measured at individuals’ locations (their geocodedies as they do between cities. To accurately estimate
residential addresses) and entered into the modelimdividual air pollutant exposures when studying their
predictor variables. This results in estimated pollutahealth effects, this intraurban variation needs to be taken
concentrations for each user. into account. Since the feasibility of directly measuring
We improve over the state-of-the-art for LUR usingndividual air pollutant exposures is limited by the cost,
cellphone-based time-activity data logs. Our methailze, and bulk of most monitoring equipment, researchers
allows us to estimate exposures at multiple locatiolsve focused on methods of estimating individual, in-
per person rather than only at the residence. Therefamaurban air pollutant exposures using modeling. These
this method gives a more accurate determination wfethods are motivated by the fact that many air pollutant
the air-pollutant exposure of an individual and solvasoncentrations are strongly related to nearby environ-
the time-activity monitoring barrier facing the publionental characteristics such as vehicular traffic, land
health specialists working on the air pollutant exposutse, and elevation. By measuring such characteristics,



it would be possible to predict the nearby air pollutant E(Y;;,) = o + (i * (streetdensity);; + (o *
concentration with reasonable accuracy. (max.temp.);ji+ Pe * (popn.density);; + B3 * (year) ; +
The modeling approaches often use the residential+ (month);ji
address of an individual to estimate air pollutant expo- According to this model, the average monthly P
sures for the individual [3]. Investigators have attemptegbncentration at a specific poinf;x, is a function of
to incorporate time-activity data into air pollutant esthe following environmental characteristics, where
timation procedures by interviewing study participantgcation, j = year,k = month
regarding their travel schedules [22], filming children to
estimate their exposures to indoor sources of pollution
(cooking fires) [5], and modeling time-activity patterns in
GIS using self-reported travel characteristics [14]. Ehes
methods are too costly and time-consuming to apply to
large populations. In Section IV, we discuss how we
overcome this limitation of modeling approaches using
cellphone-based time-activity collection.
Recently, there has been work on using cellphones

for air pollution monitoring as part of the participatory . .
. . . . trations fluctuate according to weather patterns.
urbanism project [18]. This work deployed a simple SMS o . S
.~ 3) popn. density: the density (personsArtiving in
system that allows one to send a text message containing the surrounding census tract. according to US Cen-
a zipcode to the system in order to receive the current Sus measurerr?ents Populat’ion densi?y also influ-

air quality data for that zipcode. Although this is a ences traffic volume, and thus RBMconcentration.

very useful service, it has intrinsic limitations because L . . .
. L . .~ 4) year: This variable captures time trends in M
it needs to be user initiated and the granularity of air concentration

quality is very IO.W (at the z_|pcode !evel). In contras_t, 5) month: This variable captures seasonal changes in
our framework aims to provide continuous and passive .
PMs 5 concentration.

monitoring of air pollutant exposure of an individual at

1) street density: the density (m/Rjnof surrounding
streets, usually measured within a circular area
of 250-1000 m surrounding the point at which
PM, 5 is measured. Street density is a surrogate
for traffic volume, which contributes to local RM
concentrations.

2) max. temp.: The average monthly high temperature
measured at a nearby weather monitoring station.
This variable captures the fact that PMconcen-

a much finer granularity. This model is fit at local PM5; monitoring sites, where
both PM; 5 and the environmental characteristics can be
Ill. L AND USE REGRESSION measured coefficients are estimated for each of the

Land use regression (LUR) is a modification of &nvironmental characteristics. Then, by plugging into the
method developed by Brauer et al [6] to estimate a®quation the values for the individual’s local environmen-
pollutant exposures in epidemiologic studies. Brieflyal characteristics (which can be feasibly measured), in-
the method uses geographic information system (Gliyidual PM, 5 concentrations (which cannot be feasibly
software to measure local traffic, population, and weath@easured) can be estimated. The novelty of our proposed
characteristics measured at regional air monitoring st?¥AP framework (discussed in Section IV) is that it will
tions and then develops linear regression models ailow multiple PM 5 estimates per person according to
estimate the relations between the set of these chareir travel patterns, rather than one estimation based
teristics and each air pollutant concentration. The sargelely on their residential location.
characteristics measured at residential addresses are thé&stimation of model validity. The accuracy of the
entered into the developed models as predictor variableslR model can be measured in two ways. First, accu-
resulting in estimated pollutant concentrations for eachcy is measured by using the model to estimate, PM
individual. concentrations at the P monitoring sites. An accurate

Specification of models With each pollutant con- model will show little difference between these estimates
centration as the dependent (outcome) variable, LUHRd the measured R concentrations at the monitoring
fits a multivariable linear regression model. Brieflysites. Identification of specific locations with poor fit will
this model is constructed so that any variable that @&low us to reevaluate the model components and design,
moderately predictive of the PM2.5 concentration i$ necessary. Second, the best test of model accuracy is
included in the final model. This example shows a modié$ ability to predict concentrations at an independent
designed to estimate monthly averageJ2Mt a specific set of PM, 5 monitoring sites: that is, sites that were
location. not used to fit the model. To this end, we will use the



regression model estimated from all but one of the;BM  3) to design algorithms to determine the optimal
monitoring sites to predict the remaining site’s monthly efficiency of this process so that it will be feasible
concentrations, for each pollutant separately. This pro- to use in large study populations.

cedure (theN — 1 method) is conducted for each of Task 1: time-activity data collection. We will recruit
the monitoring sites and the results compared usings@ volunteers for a three-month observational study. El-
correlation coefficient. We plan to use both approachggble volunteers will be Buffalo, NY community mem-
to evaluate and quantify the fit of our model. bers who are willing to provide their residential address
and allow us to intermittently collect geocoordinates
from their cellphones throughout a three-month period.

Land use regression is cost-efficient and fairly easyjunteers can choose to use a cellphone that we will
to implement. Its main limitation is that it is used onlygan to them or, if they own a cellphone that meets study
to estimate exposures at an individual's residence. Tﬂfquirements, use their own for the study. Those who
resulting exposure estimate is inaccurate because it dgggow a cellphone from us will be able to use their own
not take into account a person’s time-activity patterngypscriber identity module (SIM) cards and thus will be
i.e. where he or she travels over time, to examine th@je to retain their current phone numbers and network
health effects of air pollution. providers during the study.

Here we propose a novel method to address thiswe will use Motorola MC35 smart-phones for our
fundamental limitation of land use regression. GPtydy. The built-in GPS system will enable us to record
equipped cellphones can provide a valuable sourcetpé geocoordinates of the phone intermittently (for in-
time-activity information with low burden to individualsstance, at every 10 minutes) with high precision. These
and low cost to researchers. We will periOdica"y reCOWi_ﬁ Capab|e Smart_phones can automatica”y connect
the cellphone’s location (and therefore, typically, afy wireless access points in residential or public areas.
individual's location) and use the resulting geocoordixe will use this feature to daily transmit encrypted
nates (latitude and longitude) to measure an individuaj@ocoordinate data to our central processing computer
time-activity patterns. Then, instead of relying on #henceforth called the webportal) without any cost to
person’s residence to estimate his or her air pollutajife study participants or involvement of the cellphone
exposures, we will estimate exposures based on R@kvice provider. If there is no such wi-fi connection
changing locations throughout the time period. A parti%‘pportunity for more than 24 hours, we will program
ularly important benefit of our approach is the ability tehe smart-phone to transmit encrypted geocoordinate
capture locations during commuting and traveling, wheyata to the webportal by using its general packet radio
air pollutant exposures are usually highest [3]. service (GPRS) capability as a fallback. Because these

Our goal is to demonstrate the feasibility of inCOfp%mart—phones are equipped with Microsoft Windows
rating time-activity data measured with GPS-equippa@obile 6 operating system, the time and effort associated
cellphones into a land use regression model designedygh software development for the cellphones will be
estimate individual exposures to BM Henceforth, we sjgnificantly reduced. Using the Mobile 6.0 SDK and
use the term cellphone-based estimates to describe ¢hgpedded Visual C++ 4.0 platforms, we will be able test
exposure estimates created from such a model. By usgg applications in a PC environment before deploying
cellphone-based rather than residence-based estimatgsm in the field.
we can greatly improve the accuracy with which we are The geocoordinates collected from the cellphones will
able to estimate Phk exposures in epidemiologic anche stored in the webportal in a suitable format for future
clinical studies of the health effects of air pollution. analysis. We will also design our webportal to automat-

In this proposed IMAP (indirect measurement of aidly retrieve publicly available data from government
pollution) framework, we aim to do the following threeyebsites measuring local current PMconcentrations

IV. A WEB-BASED FRAMEWORK FORIMAP

tasks: and vehicular traffic. These data will be used in building
1) to collect time-activity data from local volunteersand implementing exposure models (see below). The
using GPS-equipped cellphones. final product of this first task will be a dataset of

2) to incorporate these data into a land use regressgeocoordinates that will be used in land use regression
model to produce cellphone-based PMexpo- models.
sure estimates, and compare these estimates td@ask 2. cellphone-and residential-based PM; ex-
residential-based PM exposure estimates. posure estimation. We will construct and employ



land use regression models to estimate individuab PMan algorithm to calculate exposure estimates on a “need
exposures within the Buffalo, NY region. First, usingo know” basis. The webportal will store each person’s
geographic information system (GIS) software, we wilast location and the corresponding exposure estimate. If
collect and map PMs; measurements taken hourly athe current location is the same or very near to the last
eight monitoring sites administered by the regional diocation, then we need not re-estimate the exposure but
pollution monitoring agency. We will also collect andcan use the previously stored estimate. We will explore
map data on regional environmental characteristics suble ways in which our assumptions (such as proximity
as annual traffic volume, real-time traffic conditionsyf locations) impact our exposure estimates.
population and street density, land use, and altitude.Another way to improve efficiency is to less frequently
All of these data are publicly available at no costollect geocoordinates from the cellphone while it is
from governmental web sites, such as N.Y. State Diess mobile. This method would allow us to sample and
partment of Environmental Conservation website, N.Yecord location data more frequently when a person is
State Department of Transportation website, N.Y. Statemmuting than when she is at home each night, for
Transportation Federation, and U.S. Census Bureau Gestance. We model this idea in terms of the following
ography Division website. Next, we will measure thesalgorithmic problem. Let each measurement correspond
environmental characteristics at each of thesBvhon-  to a point in some high dimensional space. In the case
itoring sites using GIS. We will then choose the set @f iIMAP, each point can lie in a three dimensional
characteristics that best predicts the /2Moncentrations space where the latitude, longitude and time form the
measured at the monitoring sites. These procedures whitee dimensions. Given an input paramefer the
be based on stepwise least-squares linear regression@milem is to partition the points into as few clusters
will be performed using statistical software. Finallyas possible such that any two points in each cluster have
using statistical software, we will apply the land usan Euclidean distance of at maoBt This parameteiD
regression models to estimate PMexposures amongwill be determined by the application: for example, in
the study volunteers. iIMAP this will be the measure of the mobility of the
We will produce residence-based PM estimates cellphones. Given such a clustering, the cellphone needs
by fitting the models with environmental characterigo report just one measurement from each cluster (by a
tics measured at each participant’s residence. We vdgllitable choice ofD, all the points in a cluster will be
then produce cellphone-based PiMestimates by fitting “equivalent”).
multiple models per person, each using environmentalWe also add two key constraints that iIMAP imposes
characteristics measured at a location reported by herthis clustering problem formulation. First, we would
cellphone. As a baseline, we will measure a personige to cluster a measurement as soon as we receive it
location once every ten minutes over the three month gin other words, the algorithm can make only one “pass”
rollment period. This amounts to approximately 13,006 the data). Second, the cellphone has limited resources
PM, 5 exposure estimates per individual. We will dailyso the algorithm should work with limited memory and
average these estimated exposures to produce a timifde constraintd. These two constraints aegactly what
activity integrated PM; exposure estimate, i.e. ourare addressed byata stream algorithms [17]. We plan
cellphone-based estimate. We will also be able to derike use techniques from data stream algorithms to solve
exposure estimates during more specific intervals, fiis clustering problem.
instance during weekday rush hours or weekdays and
weekends separately. V. DISCUSSION

i Tat.Skn& rifégjer;g |m_I|_30rov§(renet:rr]1itS Or];]gt%rog%ﬁfjti-re Here we consider other applications and extensions of
imation p ures. u inéjirect sensing with cellphones.

larger studies, we must develop an efficient automate L . . .
. : .Our indirect sensing method is also well suited to
process to collect and integrate the data. For instance ”O

; . i ic monitorin n ntrol lications. In thi
we aim to estimate average 90-day exposures amongég({)demIC onitoring and control applications this

. . . ~case, the model tracks the dissemination patterns of an
people using geocoordinates sampled every 10 mlnutﬁs
u

: [ i g h me inf
we must calculate 648,000 exposure estimates. A st ' 9ess approximately. People who have become infected

population of 5’.000 (typical fgr .this field) WOUIQ .require This is especially important as we would like our client saite
64,800,000 estimates. We will improve the efficiency Qf, the cellphones to use up as little resources so as notetdere

our method in several ways. For example, we will desigtith the primary tasks of the cellphone.



may choose to disclose their time-activity logs (with ceexposure problem. We will consider the Kriging [16]

tified documentation from a physician) to a centralizemtethod as an alternative to LUR and compare and
secure/anonymized webportal. Users may occasionatbntrast their characteristics using iIMAP. We will also
synchronize their time-activity logs with the webportahvestigate efficient solutions to the online clustering
to check if they are under risk for any illnesses. Thigroblem we formulated in Section IV in order to enable
technique could especially help with monitoring anddaptive sampling that optimizes both the granularity and

early diagnosis of sexually transmitted diseases asefficiency of the time-activity logging process.

respects the privacy of the users. For this application,
bluetooth-based connectivity logs can also be maintained
at the cellphones in order to improve the accuracy of the
modeling and prediction. [
A suitable high-level abstraction for time-activity logs
is that of a time-activitytrace. Here the idea is to mine

2
the commonsubsequences from a user’s time-activity 2
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