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. INTRODUCTION central server. The component on the mobile phone has a

The negative impacts of environmental noise on hum&#gnal-processing unit and a communication unit. The digna
health and quality of life are undisputed [3]. The definitmn Processing unit measures (at 16,000 Hz, 8 bits) the loudness
adequate strategies for abatement of noise pollution iefie 1evel of the microphone recording of the environmental sbun
becoming a primary concern in many developed and develop@¥¢er one second. It also applies an A-weighting (A-weightin
countries. The first step towards the identification of affec eflects the loudness perceived by human being) filter to the
abatement strategies typically consists of the acquisfadata loudness level in real-time and calculates the equivalenbd
describing noise sources and the distributions of noise. ~ level LAcq 15 (measured in decibel (dBA), LA,1s captures

Santini et al. [5] have recently proposed the deployment Bt A-weighted sound pressure level of a constant noisesour
wireless sensor network (WSNSs) to monitor noise pollution jover the time interval ofi s that has the same acoustic energy
the urban environment, but deployment cost of static WSNs & the actual varying sound pressure level over the same time
large urban space will be highly expensive. interval). While computing LA 1s the S|gnql processing unit

Moving beyond the traditional WSNs paradigm, several ré@lso collects the GPS coordinates and time from the GPS
search projects suggest that microphones of mobile phoags rfeceiver and tags the LA s with the location and time and
be used as inexpensive and ubiquitously present noisetipallu then stores it in the phone memory. The Communication unit
sensors [4]. In addition, mobile phones can be powered affigglly sends the tagged information to the central servea
calibrated with the assistance of its user. However, peopke configured to implement either the raw-data or the prijject
centric sensing employing mobile phone sensors, canrictlgtr method. Once the information is sent to the central server,
guarantee the availability of data samples. This is becatsethe reconstruction component/module recovers the miskitey
relies on the voluntary participation of citizens whosesprece  Using the shared information and generates the noise map.
is irregular in space and time. Furthermore, vqu_nteerehax' Signal Reconstruction from incomplete samples
priority in using the microphone on their mobile phones ) ] ]
for conversation. Therefore, the noise monitoring apgiica ~ We exploit the theory of Compressive Sensing (CS) to
poses a fundamental problem of signal reconstruction froiconstruct the noise map from incomplete samples. CS-repre
incomplete and random samples. We address these challeng@ats compressible (signals having redundancy) signais wi
Key contributions 5|gn|f|<_:antly fewer samples than_ required by_the tra_dltionf_;l

1) We present a sensing system, Ear-Phone, which folloR@MPpling methods. Reconstruction of the original signal is

a novel approach to noise pollution monitoring involving?Ssible with high probability by solving a convex optintina

the general public. We investigate how to recover a noiggoblem [2]. ) o .

map from incomplete and random samples in this people-A distinctive feature of compressive sensing is that it uses
centric sensing platform. projections to collect information. The projection of thector

2) Within Ear-phone we devise and investigate two differefit€ R” on a projection vectap = [11, 4, .., ] (.7 denotes

sensing strategies, a)projection method and b)raw-d&f& transpose operation) is defined by the inner progiéiat =
method. In the projection method, each volunteer aggrés—1%i%;- We propose two sensing strategies based on two
gates collected noise samples and sends one aggre§#ferent techniques of doing projections. Let us illugtréhe
value to the central server. Whereas in the raw-da¥gNsing strategies with an example.

method each of them sends individual noise sampleslet us consider the trajectory of two volunteer$, and
without aggregation. We report sampling requirement8 along a sectionSG of a one dimensional street (see

reconstruction accuracy and communication overheht§: 2). Section SG' contains three segments;,/; and
trade-off of these two sensing strategies. {3. Suppose at timeg; and ¢, volunteer A collects noise

sample in segmentg; and ¢,, and B collects samples in
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segmentgs and/¢; respectively (we assume that locations are

mapped to certain pre-determined segments and using GPS
readings the mobile phone module can identify its enclosed
segment). Note that the complete noise level at sectiGh
during timet; and t; can be represented as a vector=
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Flg 1: Ear-Phone System Overview [d(fl , tl), d(fg, tl), d/(fg, tl),d(fl , tg), d(fg, tg), d/(fg, tg)]T,
whered(¢,t) is the noise level at locations= /1, /5, ¢35 and
Il. EAR-PHONE SYSTEM time ¢t = t1,t,. In this paper we refer to the vectar as a

Ear-Phone architecture shown in Fig. 1 has two compoeise profile. Similarly, samples collected by and B can
nents, one runs in the mobile phone and the other runskia represented as vectars = [d(¢1,t1),0,0,0,d({2,t2),0]"
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Fig. 2: People-centric sensing
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Fig. 3: raw-data VS projection method.

and rg = [0,0,d(f3,t1),d(¢1,t2),0,0]T respectively. In I1l. INITIAL PILOT AND FUTURE WORK
the projection methodA multiplies his mefasuremergt veTctor We installed the mobile phone component on 6 HP ipaq
x4 Wwith a projection vectorgs = [¢4,0,0,0,67%,0]" 6965 mobile phones, to which we will refer as MobSLM. We

(here ¢}y,¢% are Gaussian distributed random numbers witpnducted 4 outdoor experiments by placing these 6 MobSLMs
mean zero and unit variance) and sends the projected vajyeg equally spaced locations along a major road with the
Ya = (;5_5 * x4 to central server. Note that the elements of thl%icrophone pointed towards the road measuring.JA .
projection vector need not be transmitted to the centraleser acoustic conditions and different experimental settinge a
because, if the initial seeds are known, the central senglmmarized in Table I. We used the recorded noise levels as
can regenerate the vector locally. In the raw-data metd,  eference (or original) noise profiles and simulated bottsise;
directly sends his measurements to the central server.,Thgrr\ategies to reconstruct them.
at the central serverlthe projection vectors5 té)'sT data is Fig. 3(a) is a representative graph from our experiments,
relgene[ated a4 = [¢,0,0,0,0,0;0,0,0,0,¢3,0]", where \yhich demonstrates the sampling requirements and recaastr
bp=0¢x =1 tion accuracy trade-off of the sensing strategies. On aeera
At the central server the reconstruction module accumsilaigsing only 50% of information, the raw-data method recon-
the projected values in a vectgr= [y4,y5]" (y € R* where structs the noise profile within 3 dBA reconstruction errar (
k is the number of projections) and forms the projection matridifference of 3 dBA is non-perceptible by human being). In

® = [¢}, ¢p]- It then solves the following convex optimizationaddition, it requires30% less information compared to the
problem to reconstruct the original vector projection method for similar reconstruction accuracy.
g = argmin gl such thaty = ®Wg (1) Fig. 3(b) reports the communication cost and reconstractio

InEq. 1,¥ is a transform in which vectar has a compressible 8ccuracy trade-off of the proposed sensing strategies. Let
representation ang = U~z is the coefficients ofz in Cinetnoa b€ the number of bytes transmitted by either raw-data
T. Favorably, CS can estimate even if k is less thann OF projection method and’,.; be the total number of bytes

provided thatz is compressible [2]. A vector is said to transmitted, if LAq,1s samples from the complete noise profile
be compressible in a transfornk if the j-th largest (in &€ transmitted. We achiev@ dBA reconstruction accuracy

absolute value) coefficient of decays faster thalj%l, for when Cyroject 1S much smaller (about 35%) tha,.,, but

somea € {0,1} [1]. We determine a suitable transformcmw being only 15% smaller thad',.,; achieves the same

by conducting a preliminary experiment. We compute grgceuracy. However, with the increase in the reconstruction
root mean square (RMS) error between the veatand its error (or intuitively with the increase in missing inforrreat),
approximation by retaining only the largektk = 1,2,...) Craw/Cres decreases rapidly compared@,oject/Crey i-€.,
coefficients in a number of transforms, which include DcFOMMunication cost of the raw-data method decreases yapid
Fourier and different wavelets such as Haar, Daubechies, pmpared to the projection method and bey6nBA recon-

We observe that for same number of coefficients, DCT givesS uction error, communication cost of the raw-data become

lower RMS error compared to others; therefore, we use D(’si‘-naller than the projection method. _
in our experiments. We conclude that if the amount of missing information were

fixed, one could easily decide one of these two strategies.
_ o However, in a people-centric sensing, availability of mfo
B. Reconstruction accuracy and communication cost mation changes dynamically with space and time, therefore

If # ¢ RY is the reconstruction of the original signalwe plan to develop an algorithm that dynamically (based on

N vailable information) decides the best strategy to mazeémi
v € R7, we compute the root mean squar_e (RMS) erroﬁﬁe reconstruction accuracy with a minimum communication
\/%Zif\il(a:(i) — &(7))? to evaluate reconstruction accuracy. cost.

The communication cost is derived from the amount of bytes REFERENCES
transferred by each of the sensing strategies. We assurne [fjawaheed Bajwa et al. Joint source-channel communicatiordistributed

locations and times are mapped to the predetermined cells ofggt(ilngf)’_“soenzg” Sensor AeworktEEE Transactions on Information Theory,
the projection matrix, therefore in order to form the préj@c [2] II\E/I ch:ahd'e_s. zgggﬁpressii/e sensing. Pnoc. of the Int. Congress of
; iat athematics, 2 . ) ) )

matrix at the central Serve, both Fhe prOje_ctlon and rate-d 3] European Union. Future noice policy, com (96) 540 finalurdpean

methods need to transmit the location and time of the medsurei ICEI_OmmISKSIOU Grfenl Pa'\[;lert,) Nov 199?. it | dat
i _ ; iman Kanjo et al. Mobgeosen: facilitating personal sor data

LAeq,ls . In addition, the raw-data mem_Od _transm'ts all th%l collection and visualization using mobile phonBstsonal and Ubiquitous

measured LA, 15 values whereas the projection method tran%—] g_tlnmpugng,t_ZOOZ- | First . ing wirel povorks §

H H H H livia Santini et al. FIrst experiences using wireleessor Networks tor
mits only one pmJe_cted value. Note that the prOJ_eCt'On roeth noise pollution monitoring. [MProceedings ofgthe 3rd ACM Workshop on
saves communication cost from data aggregation, but due to Real-World Wreless Sensor Networks (REALWSN' 08), April 2008.
aggregation, it also requires more information comparetti¢o
raw-data method to reconstruct the vector. We demonstiee t

in Section lll.
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“Increasing Noise Pollution is a Primary Concern th roughout the world”

A number of Governing bodies such as the European Commission made the avoidance,
prevention, and reduction of environmental noise a prime issue in European policy-“more detailed
noise modelling/mapping and noise exposure assessme nt may have to be undertaken in
order to produce detailed local action plans  "[1]

Involving Sound Engineers in taking detailed noise measurements is an expensive and
cumbersome task. Whereas, deployment of Wireless Sensor Networks (WSNs) for taking such
measurement requires special hardware and adequate procedures to perform frequent re-
calibrations towards a reliable reference[2].

A people-centric approach to noise monitoring can be realized to create a low-cost and open
platform to measure and localize noise pollution.
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A people-centric approach for monitoring Urban Nois e pollution

Problem Definition: Signal Reconstruction from Incomplete and Random Samp

People-centric sensing platform offers an inexpensive and open platform to develop a noise monitoring application, but cannot strictly guarantee
the availability of data samples for a number of reasons, such as

1. This platform relies on the voluntary participation of citizens whose presence is irregular in space and time.
2. Volunteers should have priority in using the microphone on their mobile phones for conversation etc.

Therefore, a noise monitoring application on people-centric platform poses a fundamental problem of signal reconstruction from incomplete anc
random samples. We explore this challenge.

Proposed Solution: Ear-Phone

- We reconstruct the signal from incomplete samples using the Initial Pilot: _ _
results from the theory of Compressive Sensing (CS). CS 6 _moblle_ phones Were_used t_o_capture equivalent noise level, LAy, ;5
represents a compressible (signals having redundancy) signal with during 4 different acoustic conditions at outdoor.
significantly fewer samples than required by the traditional ) ] -
sampling methods[3]. . Captu_red noise profiles were used as reference and people mobility
was simulated to sample data from reference and perform
« We model a sensing system, Ear-Phone which has a CS based reconstruction.
reconstruction module implemented in the central server and the ) ) )
data collection (or sensing) module implemented on the mobile *Fig 2 andzss’oare two representative graphs form our experiments.
phones (Hp ipaq 6569). We implement two data collection g 0@00%?} Rawina.” method resuies 0%
strategies on the mobile phone. B0 [t | | o oot o o
e
1)  Projection method: measured data are aggregated and one ig’fg o@;.?f"m.&%_. methot.
aggregated value is transmitted. g 0 20,30 40 50 80 70 80 50100
2) Raw-Data method: measured data are transmitted without Fig 2 Sampling requirement and reconstruction accuracy tr  ade-off of the proposed sensing strategies.
aggregation. Chetos represents the amount of bytes transmitted by eithe  r raw-data

or projection method and C . refers to the amount of bytes |
transmitted if all the data of the reference profil e is transmitted. In |
order to limit the reconstruction error within 3 dB A, the projection |

method communicates 35% fewer bytes than the C ;. This number is |
. 15% for the raw-data method. However, with the incr  ease in missing |

information, communication cost of the raw-data met  hod decreases !
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rapidly compared to the projection method and beyon d 6 dBA ‘

. Reconstructed reconstruction error, communication cost of the raw -data becomes |

Mobile Phone Noise Map smaller than the projection method. | i
3 4 .5 7
[emety Central Server Reconstruction Error FdBA)
Figl: Ear-Phone System Fig 3: C icati and ion accuracy trade-off of the proposed sensing strategies.
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