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aAbstra
t. Target tra
king is one of the important problems in wirelesssensor networks. We 
onsider an aspe
t of tra
king: the 
lassi�
ation oftargets based on the a
ousti
 signals produ
ed by vehi
les. We presenta naïve 
lassi�er and simple distributed s
hemes based on features ex-tra
ted from a
ousti
 signals. We demonstrate a novel way of using Auramatri
es to 
reate a new feature derived from the Power Spe
tral Density(PSD) of a signal, whi
h performs at par with other existing features.An experimental study has been 
ondu
ted using real a
ousti
 signalsof di�erent vehi
les in an urban setting. Our proposed s
hemes using anaïve 
lassi�er a
hieved highly a

urate results in 
lassifying di�erentvehi
les into two 
lasses. Communi
ation overheads were also 
omputedto 
apture the tradeo� of energy 
ost vs. 
lassi�
ation quality.1 Introdu
tionNetworked sensors 
an be equipped with various sensing devi
es, as well as mem-ory, pro
essor, radio, and a power supply. However, they are still 
onstrainedby limited memory, pro
essing power, 
hannel 
apa
ity, and, most importantly,energy reserves. When tra
king is 
onsidered as an appli
ation, data�intensivesour
es (e.g., high frame rate / high resolution video) is usually avoided as beingmore energy expensive than low data rate sour
es. For this reason tra
king us-ing audio signals is usually preferable. Vehi
le tra
king on a
ousti
 data is basedon the fa
t that di�erent vehi
les produ
e distin
tly di�erent a
ousti
 signalsbe
ause their engine and propulsion me
hanisms are unique [9℄. The problem ofvehi
le dete
tion using the a
ousti
 signature has existed for years and manysolutions have been proposed in the literature [1, 9, 10℄. Re
ently, target 
lassi�-
ation based on a
ousti
 signals in wireless sensor networks has been addressedin [3, 6℄. The advantage of sensor networks is that they provide redundan
y interms of sensing and pro
essing units. Hen
e, they 
an operate together in adistributed 
oordinated fashion to dete
t and report the presen
e of a targetvehi
le, possibly re�ning the tra
king and 
lassi�
ation quality as the target ismoving.We should add that vehi
le tra
king in
ludes various obje
tives that must besupported by a number of steps. These steps in
lude vehi
le dete
tion, identi�-
ation and/or 
lassi�
ation, and lo
alization. Depending on the spe
i�
 tra
king955
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tives, all or 
ombination of these steps may be required. In this paper werestri
t our attention to 
lassi�
ation. Classi�
ation is ne
essary be
ause sen-sors 
an report on a spe
i�
 moving vehi
le only after they re
ognize vehi
lesthat are of some interest. Classi�
ation is naturally more 
hallenging if thereare multiple targets of various types (e.g., tanks, jeeps, other types of militaryvehi
les, 
ivilian vehi
les, et
.). Furthermore, there may be a number of vehi
lesof the same type e.g. tanks of a parti
ular make. We de�ne as 
lassi�
ation theproblem of identifying whi
h 
lass a vehi
le belongs to. Identifying a parti
ularvehi
le goes one step further and is not within the s
ope of the 
urrent paper.Various te
hniques have been proposed to address the 
lassi�
ation problem[1, 3, 9℄, relying on feature extra
tion that di�er in the way features are extra
ted.For example, [1℄, proposed a wavelet based method for feature extra
tion, whi
hworks as following: three di�erent types of a
ousti
 signature are extra
ted: (i)squeak sound, (ii) sound under motion, and (iii) exhaust sound. The data points
ontained by ea
h of these signatures are de
omposed to a 12 element featureve
tor using the multi-resolution analysis [7℄. These 12 element feature ve
torsrepresent the energy 
on
entration of the signature signal at 12 di�erent resolu-tion levels. The 
ontinuous wavelet transform (CWT) and the STFT (short-timeFourier transform) plots were used for two other feature ve
tors. Finally, thesefeature ve
tors are used to 
ompute the distan
e between the referen
e and un-known signatures. Wu et. al. in [10℄ proposed a prin
iple 
omponent analysisbased method for re
ognition of a
ousti
 signatures. The basi
 idea of their pro-posed method is to use together the mean adjusted sound spe
trum, and keyeigenvalues of the 
ovarian
e matrix to 
hara
terize an a
ousti
 signature.An adaptive threshold based algorithm is proposed in [2℄ for vehi
le dete
tion,based on the average energy of an a
ousti
 signal 
rossing a threshold valuebefore a de
ision on the dete
tion of the vehi
le 
an be made. The thresholdis updated adaptively. Also, [3℄ details experiments 
arried out during the 3rdSensIT situational experiment (SITEX02) organized by DARPA/IXO. Variousmilitary vehi
les were used in these experiments, real world data was generatedand ar
hived for future studies. The obje
tive was to dete
t and a

uratelylo
ate vehi
les using energy-based lo
alization algorithm. Frequen
y spe
trumbased features are extra
ted from the a
ousti
 and seismi
 signals 
aptured bythe sensors. These features were extra
ted by using 512�point FFT. Then, for
lassi�
ation purposes, three di�erent approa
hes are used i.e. (i) k-nearest-neighbor 
lassi�er (ii) Maximum Likelihood 
lassi�er, and (iii) support-ve
tor-ma
hine 
lassi�er. In [6℄, a framework for 
ollaborative signal pro
essing in sensornetworks is designed for the purpose of multiple targets dete
tion, 
lassi�
ation,and tra
king.In this paper we study the impa
t of in
reasing the 
omplexity and memoryfootprint of a 
lassi�
ation algorithm to a
hieve better 
lassi�
ation a

ura
y.We 
onsider this to be a reasonable tradeo� sin
e what is usually assumed tobe expensive in terms of energy is 
ommuni
ation, and not 
omputation/storage(within reason of 
ourse). While we are also in
reasing the 
omputation 
ost,we argue that as long as the 
omputation is allowed to be 
ompleted within a
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omputation 
an be spread over a longer period oftime by proper redu
tion of the CPU 
lo
k [13℄.One distin
t 
ontributions of our work is that in order to maximally bene�tfrom the information 
olle
ted by a sensor, we 
onsider multiple representationsof features. Some, are well known (FFT, PSD, et
.) but we also introdu
e Auramatri
es. Aura matri
es [4℄ have been used in the past for analyzing and pre-di
ting texture patterns [11℄. In our study we 
reate �arti�
ial� 2-dimensional�textures� by arranging PSD data into matri
es, and then using Aura matri
esto summarize the information of the 2-dimensional matrix. In other words, Auramatri
es attempt to visually approximate the arrangement of PSD values. Fordetails about the 
onstru
tion of Aura matri
es the reader is referred to [4℄.Se
tion 2 presents the features 
onsidered in this study. Se
tion 3 des
ribes anaïve 
lassi�
ation s
heme and elementary forms for a distributed implementa-tion over a sensor network. Se
tion 4 presents performan
e evaluation results interms of 
lassi�
ation a

ura
y and energy expenditure tradeo�s for the di�erentdistributed implementations. Finally, Se
tion 5 summarizes the �ndings of thepaper and outlines future resear
h obje
tives.2 Features Extra
tionA vehi
le sound is a sto
hasti
 signal. In pra
ti
e, sound of a moving vehi
leobserved over a period of time will not be a stationary signal. However, a signalof fairly short duration 
an be treated as a stationary signal [10℄. In our 
asewe 
hose the signal's duration to be 23.27 ms i.e. 512 data points sampled at afrequen
y of 22 kHz. In our study we 
onsidered �ve features that are generatedusing FFT and PSD of time series data of a given signal. In the rest of the paperthe terms signal and signature are used inter
hangeably.1. Linear FFT feature (LFFT): This feature is generated using FFT of 512data points that gave us a linear ve
tor (of size 512) representing frequen
ieswith a resolution of 21.48 Hz.2. Linear PSD feature (LPSD): This feature is generated by taking PowerSpe
tral Density (PSD) estimates of 512 data points using the Thomsonmulti-taper method. With a resolution of 21.48 Hz that method gave a linearve
tor (of size 512) to form a linear PSD feature.3. Multidimensional FFT feature (MFFT): In this 
ase 50 blo
ks of 512FFT data points are used to form a multidimensional FFT feature. Thisfeature 
an be seen as a matrix of size 512 × 50. The size 50 was determinedby trial and error method using our a
ousti
 data set.4. Multidimensional PSD feature (MPSD): In this 
ase 50 blo
ks of 512PSD data points are used to form a multidimensional PSD based feature.This feature 
an be seen as a matrix of size 512 × 50.5. Aura of a Multidimensional PSD feature (AMPSD): It has beenshown in [5℄ that power spe
tral density (PSD) is not an optimal featurefor signal re
ognition. We explored to improve the PSD based feature using
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al te
hniques, namely Aura matri
es. In order to
onstru
t AMPSD features we simply 
ompute Aura of a MPSD matrix. For
omputing the Aura of a matrix the reader is referred to [4℄.The �rst four features are popular in the signal 
lassi�
ation literature. The�fth feature (AMPSD), whi
h is part of our 
ontributions has been added toimprove the performan
e of MPSD feature.3 A Naïve Classi�erExisting te
hniques su
h as k-Nearest Neighbor (k-NN) 
an be used by sensornodes to perform the 
lassi�
ation. It is based on the idea that similar obje
tsare 
loser to ea
h other in a multidimensional feature spa
e. k-NN is one of thesimplest, yet a

urate, 
lassi�
ation methods and re
ently it has been used insensor networks for target 
lassi�
ation [3, 6℄. Unfortunately, �nding k for theoptimum solution is non-trivial. In 
ontrast to k-NN algorithm we adopt a naïveapproa
h where �rst a learning set |U | is de�ned for ea
h 
lass of vehi
les. Equalnumber of samples are assumed to be in the learning set of these 
lasses. Notethat 
lass labels of the learning samples are known in advan
e. Now in orderto 
lassify an unknown sample using a parti
ular feature, the naïve 
lassi�erdoes the following: For ea
h 
lass, and for ea
h sample of the |U | samples in thelearning set of ea
h 
lass, we 
al
ulate the distan
e of the unknown sample fromthe learning set samples. We determine the average distan
e of the unknownsample from the learning set samples of ea
h 
lass. The unknown sample isdetermined to be in the 
lass with the smallest average distan
e.As a vehi
le 
rosses through an area monitored by a sensor network, thenodes self-organize in neighborhood �
lusters� using a te
hnique similar to [12℄but where tie breaking 
riteria for sele
tion of the �master� node is the sig-nal quality of the monitored vehi
le (the master is the node with higher aver-age power of re
eived signal, hen
e possibly 
losest to the vehi
le). Ea
h of theneighborhoods 
an perform a 
lassi�
ation method independently of other neigh-borhoods. However, multiple neighborhoods may 
ollaborate with ea
h other fortwo main reasons: (i) better a

ura
y in 
lassifying a vehi
le, and (ii) sharing the
osts asso
iated with 
lassi�
ation. In our study we examined various s
enariosof single and multiple neighborhoods based 
lassi�
ation. We propose four basi
s
hemes:� Single Neighborhood Based Classi�
ation using Lo
al Signatures(SNBC-LS): In this s
heme ea
h sensor in a neighborhood uses its ownlo
al 
opy of vehi
le's signature. Sensors 
ompute the distan
e of unknownsample from known samples in ea
h of the 
lass using their own (lo
al) 
opyof unknown sample. The master node 
olle
ts results from all parti
ipatingnodes in the neighborhood and 
lassi�es the unknown sample (vehi
le).� Single Neighborhood Based Classi�
ation using Global Signatures(SNBC-GS): In this s
heme ea
h sensor in a neighborhood uses a global
opy of vehi
le's signature. A global 
opy of vehi
le's signature is transmitted
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ompute the distan
eof unknown sample from the known sample in ea
h of the 
lass using theglobal 
opy of the unknown sample. The master node 
olle
ts results from allparti
ipating nodes in the neighborhood and 
lassi�es the unknown sample(vehi
le).� Multiple Neighborhood Based Classi�
ation using Lo
al Signa-tures (MNBC-LS): In this s
heme a master node not only 
olle
ts re-sults from sensors in its own neighborhood, but it also invokes its adjoiningneighborhoods to seek the 
lassi�
ation results. All sensors in parti
ipatingneighborhoods use their lo
al 
opy of vehi
le's signature.� Multiple Neighborhood Based Classi�
ation using Global Signa-tures (MNBC-GS): The basi
 di�eren
e between this s
heme and theprevious s
heme (MNBC-LS) is that sensors in a parti
ular neighborhooduse a global 
opy of vehi
le's signature provided to them by their respe
tivemaster nodes.4 Experimental StudyWe used a
ousti
 signals of various urban ground vehi
les. These a
ousti
s signalswere re
orded using Panasoni
 US395 mi
rophone. Approximately 50 samples ofvarious vehi
les were re
orded at two main lo
ations of Bonnie-Doon mall andUniversity of Alberta bus stop in the 
ity of Edmonton. This real database ofa
ousti
 samples 
onsisted of a
ousti
 signatures of ETS buses, whi
h are partof the publi
 transportation system at the 
ity of Edmonton, di�erent types of
ars, small tru
ks, SUVs, and mini vans. All a
ousti
 signals were �rst re
ordedto the lo
al memory of the mi
rophone, and then transferred to MATLAB forthe simulation of 
lassi�
ation algorithms.We assume that every sensor has a 
opy of learning set, U for ea
h 
lass.A sensor's 
opy of unknown (testing) sample is di�erent from others be
auseof their geographi
al positioning. In order to 
reate a lo
al 
opy of unknown(testing) sample for a sensor we attenuate the signal based on its distan
e fromthe moving vehi
le and add noise to it. A vehi
le's sound 
an also be degraded byreverberations, however, we 
onsidered an outdoor open environment, so we havenegle
ted the e�e
t of reverberations. In our simulation we 
onsidered variouss
enarios for sensor setup. In these experiments sensors are assumed to be pla
edalong two straight parallel lines, i.e., as they would be deployed along the sidesof a street. Sensors are pla
ed 5m apart and their sensing and radio range is15m. Vehi
le is 
onsidered to be moving with a speed of 53± Km/H.4.1 Performan
e Metri
sWe 
onsider two performan
e metri
s: (i) 
lassi�
ation a

ura
y, and (ii) energyexpenditure. Classi�
ation a

ura
y is 
omputed based on the leave-one-out pol-i
y. Under this poli
y one sample is removed from the a
ousti
 dataset 
onsistingof all samples in a 
lass. This sample is 
alled the testing sample. The rest of the
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onstitute the learning set U for that 
lass. Class label ofthe testing sample is assumed to be unknown. Then, the distan
e of the testingsample is 
omputed from all the samples in the learning set of ea
h 
lass. Thispro
ess is repeated for all samples in our a
ousti
 dataset. If two samples arerepresented by matri
es Xm×n and X
′
m×n, then the distan
e between them is
omputed as following:

d =

|n|
∑

q=1

|m|
∑

p=1

√

(xpq − x′
pq)

2 (1)Classi�
ation a

ura
y is 
al
ulated as a per
entage of testing samples thatare 
orre
tly 
lassi�ed from the total number of testing samples. In the experi-ments we used a simplisti
 
ase of only two 
lasses. The obje
tive was to 
lassifythe previously mentioned vehi
les into two 
lasses i.e. ETS buses and othervehi
les that are not ETS buses.4.2 SNBC-LS & SNBC-GSIn the SNBC-LS s
heme all sensors use their own 
opy of vehi
le's signature.Note that every sensor's 
opy might be di�erent, be
ause of its position. Inthese experiments we attenuated a sensor's signal based on its distan
e from themoving vehi
le. In the 
ase of SNBC-GS s
heme, all sensors use a 
ommon 
opyof an unknown vehi
le's signature that is provided to them by the master node.The results for 
lassi�
ation a

ura
y in SNBC-LS and SNBC-GS s
hemesare presented in Figures 1(a) and 1(b), respe
tively. With a better 
opy of ve-hi
le's signal available to all parti
ipating sensors, SNBC-GS s
heme performsbetter than SNBC-LS. Classi�
ation using LFFT, LPSD, MPSD and AMPSDbased features improved in SNBC-GS s
heme. As noti
ed in these �gures 
lassi-�
ation a

ura
y improves as the number of sensors per neighborhood in
reases.The reason for improved a

ura
y is that 
olle
ting distan
e measurements fromall sensors in a neighborhood, and taking their average improves the approxima-tion of the distan
e measurements. An a

ura
y of 99% is a
hived using MFFTfeature that is better than the a

ura
ies reported in [8℄, whi
h uses k-NN 
las-si�er.Communi
ation 
osts are mu
h higher in the SNBC-GS s
heme. The resultsfor SNBC-LS and SNBC-GS s
hemes are presented in the Figures 2(a) and 2(b),respe
tively. The reason for larger 
osts in SNBC-GS are obvious. The masternode needs to 
ommuni
ate the signature in its neighborhood. More spe
i�
allyit transmits 512 data point in the 
ase of LFFT and LMSD features and 512 ×50 data points for MFFT, MPSD and AMPSD features.These results suggest that there is a trade-o� between 
ommuni
ation 
osts,
omputational 
osts, and a
hieving a higher 
lassi�
ation a

ura
y. A higher
lassi�
ation a

ura
y 
omes at a higher energy 
ost for sensors. Note that whennumber of training samples per sensor are �xed, then varying the number ofsensors per neighborhood a�e
ts the 
lassi�
ation a

ura
y. Having more sen-sors in a neighborhood in
reases the 
lassi�
ation a

ura
y but at a higher 
ost
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ation a

ura
y.of 
ommuni
ation. On the other hand sele
tion of a feature is also an impor-tant de
ision. Some features are more expensive to use than others, but their
lassi�
ation results are better.
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(b) SNBC-GSFig. 2. Communi
ation 
osts.4.3 MNBC-LS & MNBC-GSClassi�
ation based on multiple neighborhoods may arise in many situations.Consider the 
ase in whi
h number of nodes (and samples) in a parti
ular neigh-borhood are not enough to a
hieve a higher 
lassi�
ation a

ura
y. This mayhappen due to a number of reasons like malfun
tioning of sensors be
ause ofinsu�
ient battery power or physi
al damages. In these experiments we assumethat only two sensors are available per neighborhood. We also assume that learn-ing set U is distributed over multiple neighborhoods though the sensors in asingle neighborhood have a 
ommon learning set. In the MNBC-LS s
heme all
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orresponding neighborhood use their own 
opy of vehi
le's signa-ture. In the 
ase of MNBC-GS s
heme all sensors use a 
ommon 
opy providedto them by the master node of their neighborhood.The results for 
lassi�
ation a

ura
y in MNBC-LS and MNBC-GS s
hemesare presented in the Figures 3(a) and 3(b), respe
tively. There is not mu
h di�er-en
e between 
lassi�
ation results for single neighborhood s
heme (e.g. SNBC-LS) and multiple neighborhood s
heme (e.g. MNBC-LS). The reason for thisbehavior is that in multiple neighborhood s
hemes, learning samples are dis-tributed over multiple neighborhoods that result in a smaller learning set forea
h of the neighborhoods. Therefore distan
e 
al
ulation of unknown sample isapproximated from readings of multiple neighborhoods instead of sensors froma single neighborhood. In the 
ase of global signatures, a similar trend 
an beseen in multiple neighborhood s
hemes. With a better 
opy of vehi
le's signalavailable to all parti
ipating sensors in a neighborhood, MNBC-GS s
heme per-forms better than MNBC-LS. Again, 
lassi�
ation a

ura
y using LFFT, LPSD,MPSD and AMPSD based features improved in MNBC-GS s
heme.
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AMPSD(b) MNBC-GSFig. 3. Classi�
ation a

ura
y.As expe
ted 
ommuni
ation 
osts are mu
h higher in MNBC-GS s
heme.These results are presented in the Figures 4(a) and 4(b) for MNBC-LS andMNBC-GS s
hemes respe
tively. As mentioned previously MNBC-GS is moreexpensive be
ause the master node transmits 512 data point in the 
ase of LFFTand LMSD features and 512 × 50 data points for MFFT, MPSD and AMPSDfeatures.5 Con
lusions and Future Dire
tionsClassifying ground vehi
les is an important problem in wireless sensor networks.Features extra
ted from the a
ousti
 signatures of these vehi
les form the basisfor 
lassi�
ation. Whether sensor networks provide for e�
ient implementationof tra
king, depends on whether ne
essary operations, su
h as 
lassi�
ation, 
an
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ation 
osts.be performed e�
iently in a distributed fashion, a
hieving high 
lassi�
ationa

ura
y at a reasonable energy 
ost. In this paper we proposed several dis-tributed s
hemes for vehi
le 
lassi�
ation. These s
hemes are based on the ideaof 
ollaborations in a single and multiple sensor neighborhoods. We 
ondu
ted asimulation study using real a
ousti
 signals of urban ground vehi
les. Simulationresults have revealed the performan
e of our proposed s
hemes. Our proposeds
hemes a
hieved up to 99% a

ura
y for a binary 
lassi�
ation using a naïve
lassi�er. These results are even better than some existing results on k-NN 
las-si�
ation. In the future we would like to improve the e�
ien
y of our proposeds
hemes. We also plan to 
ondu
t an experimental study where we 
onsider morethan two 
lasses of ground vehi
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