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Cumulative sum approaches for event detection and
localization in low-cost wireless acoustic sensor networks

Maximo Cobo&*, Juan J. PerézSantiago Feli¢ Jaume SegufaJuan M. Navarrd

aComputer Science Department, Universitat de Valéncia, Valencia, Spain 46100
bAdvanced Telecommunications Group, San Antonio’s Catholic University of Murcia, Campus de los Jeronimos, 135, Guadalupe, Spain 30107

Abstract

Wireless acoustic sensor networks (WASNSs) are known for their potential applications in multiple areas, such as audio-bast
surveillance, binaural hearing aids or advanced acoustic monitoring. The knowledge of the spatial position of a source of intere
is usually a requirement for many of these applications. Therefore, source localization is an important problem to be addressed
WASNSs. Unfortunately, most localization algorithms need costly signal processing stages that prevent them to be implemented
low-cost sensor networks, requiring additional modules for signal acquisition and processing. This paper presents a low-complex
method for acoustic event detection and localization considering a change detection statistical framework. Two possible impleme
tation approaches based on tliéogent cumulative sum (CUSUM) algorithm are presented and discussed. Results from simulations
and a real deployment show that the proposed techniques can be easily implemented in low-cost sensor networks, providing gc
localization accuracy and making good use of the available node resources.

Keywords: Wireless sensor networks, source localization, cumulative sum (CUSUM), titeeattice of arrival (TDOA),
statistical signal processing

1. Introduction to noise ratio (SNR) properties. However, despite these advan-
. _ _ _ _ tages, there are also many challenges to be addressed. On the
Digital signal processing algorithms are continuously be-gne hand, the nodes are strongly limited in terms of power and
ing adapted and redirected towards new data acquisition anthmmunication bandwidth. On the other hand, the data from all
processingl architectu.res. The recent advances in COMMUNiCe nodes must be properly processed to perform a given task,
tions, mobile computing, nano-technology and smart sensoligading to centralized and distributed data fusion strategies [6].
are bringing to the industry new devices that will probably | 5 centralized scheme, the nodes send their raw data to a mas-
change the traditional paradigm settled by localized sensor g¢a node that performs all the processing. In contrast, distributed
ometries [1, 2]. In the context of acoustic signal processinggchemes share the processing among all the nodes, which are al-
the use of low-power, low-cost acoustic sensors with computioyed to exchange information with each other. While central-
ing capabilities @ers new opportunities for the development jzeq approaches require large communication bandwidth and
of new appllcat!ons and processing strategieffesBnt from  ansmission power, distributed approaches provide more scal-
the ones established by usual microphone array arrangemengfe solutions and, therefore, distributed algorithms are usually
[3]. As a result, many researctiferts in the acoustic signal preferred. Hybrid schemes are also possible, where the nodes
processing field are being oriented towards wireless aCOUStBerform some local processing and communicate their results

sensor networks (WASNS) [4, 5]. A WASN consists of & setiq g fusjon center that deals with the most computationally ex-
of sensor nodes interconnected in some manner via a W'releﬁ'énsive parts of the processing.

medium. Each node consists of one or more sensors (micro- : . . . .

. . , o The high data rates and non-stationarity properties of typical
phones), a processing unit and a wireless communication mo%fudio signals make WASNSs a very challenging research field
ule. The most significant advantage of a WASN over a tra- 9 y ging '

ditional (wired) array is that it allows for an increased spatialMoreover’ many speech processing tasks such as blind source

SR . separation [7, 8] or acoustic echo cancellation [9] require spe-
coverage by distributing sensors over a larger volume, provid-.." " . o ; o L
ific time synchronization solutions. A topic with many signif-

ing a scalable and easy to deploy structure with better SIgm?(flcant contributions in WASN is acoustic noise reduction [10].

Beamforming methods based on well-known criteria such as
*Corresponding author the minimum variance distortionless response (MVDR) have

Email addresseshaximo . cobos@uv . es (Maximo Cobos), been developed both for hearing-aid systems [11, 12] and more
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O general sensor architectures [13, 14, 15]. All these approaches
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(Juan M. Navarro) are aimed at producing signal estimates from the local signal
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bandwidth and energy consumption. commercial-of-the-shelf (COTS) hardware platforms such as
Together with acoustic beamforming, one of the most imporsmartphones [44], laptops [42] or PDAs [45, 29] are usually
tant tasks in WASNSs is acoustic source localization [16, 17, 18]considered in typical WASN applications. Although these plat-
Source localization has a wide range of potential applicationdprms are widespread and provide many powerful features in
such as speaker detection and tracking in videoconferenceirtgrms of computing power, communication bandwidth and sys-
environments or audio-based surveillance. Moreover, sourceem memory, the resources of most of the available devices
localization may be used to provide supporting location infor-aimed at long-term acoustic monitoring are far more limited.
mation for noise reduction and speech enhancement algorithmBor example, consider the specific literature on gunshot de-
Source localization can be performed either in a centralizetkection and shooter localization systems for surveillance and
[19, 20, 21, 22] or decentralized fashion [23, 24, 25, 26]. Tra-military applications [46, 47]. Many of these systems con-
ditionally, most localization methods for WASNs have been fo-sider Berkeley's Mica2 motes running TinyOS [48]. While
cused on sound energy measurements [27]. This is motivatdtlis platform provides excellent hardware and software features
by the fact that the acoustic power emitted by targets usualljor low-cost sensor network applications, severe resource con-
varies slowly with respect to time. Thus, the acoustic energtraints prohibit the implementation of most algorithms on the
time series does not require as much sampling rate as the ramote itself. As a result, many of these systems need additional
signal time series, avoiding the need for high transmission ratasodules for signal processing and acoustic data acquisition. In
and accurate synchronization. Sheng and Hu [22] proposedany case, it becomes apparent that the design of suitable source
maximum likelihood (ML) energy-based localization methodlocalization algorithms for low-cost hardware platforms is not
for wireless networks. Energy-based methods for estimatingtraightforward.
bot_h the position ofmlcrophqnes and spgakers in a meeting sit- This paper presents a low-complexity hybrid method for
uation were also proposed in [28]. Besides energy-based 2B coustic event detection and localization in WASNSs, which is
proaches, methods based on time-delay estimation (TDE) are ; . ' .
intended to be implemented in low-cost sensor networks with-
also very popular [29, 30]. The TDE category covers all the

methods based on time of arrival (TOA) dodtime-diference outthe need for. additional ner modules. Each nodg n the net-
. o : . work analyzes its captured signal and detects the time instant
of arrival (TDOA) estimation, which usually require sensor

N o corresponding to the onset of an acoustic event. This process-
synchrqnlzanon [:.)’1]' TDOA-pased 'Igcallzatl'on method; haVemg is ;)erformged locally at each node, avoiding the neegfor in-
been widely considered both in traditional (wired) and wwelesst%nse data transmissions. In a secona step, the nodes send their

ad-hoc networks. Well-known approaches such as the S’tee“ﬁme instants to a central node that produces a source location

response power phase transform (SRP-PHAT) have been Shovérs],timate by merging the received information with some ap-
to be very robust in the presence of reverberation [32, 33]. y ging p

X ~propriate estimator. A change detection statistical framework
However, they are computationally too complex to be used i . e :
. is considered for the estimation of time delays at each node,
large scale wireless networks. In the context of WASNSs, lo

'suggesting two dierent approaches that make use of the well-

calization methods based on TDOA usually follow a two ste . . :
approach. First, TDOA measurements are obtained from tﬁlénown cumulative sum (CUSUM) algorithm [49]. In the first

analysis of the sensor signals [34, 35, 36]. Then, a source locSne acoustic event detection and source localization are con-
Ahalysis . orsig LT ' %nuously performed in an on-line (sample-by-sample) basis. In
tion estimate is obtained by merging together the TDOA mea;, . i
surements under a proper optimization function based on sorr;[he second one, the algorithm follows a batch approach by ad
criteria such as ML [F;W]por Iegsts uares [38, 39, 40] Howeverderessing the source localization task over a set of stored data
o : q . PR samples. While this last approach reduces power consumption
the localization accuracy is very sensible to TDOA measure-

ment errors. In fact, the estimation of time delays in WASNs isand allows for better parameter estimates, some practical con-

. . ) : . §iderations have to be taken to assume that a relevant acoustic
not straightforward, since the main operation underlying mos : : .
event has been produced. Simulations and experiments con-

T.D OA-basgd approaches is cross-correlation. This requires s"’}dering a real WASN deployment are discussed, showing that,
high bandwidth for data transfers from the sensors to a process- ; . . :
. ) ; . . . : . in both cases, the algorithms can l&agently implemented in
ing unit andor computationally intensive signal manipulations : . 2 .
. . nodes with very limited resources, providing affic@ent so-
in the frequency domain. Moreover, although some approaches.. A . o
. ; . . Jution for source localization in low-cost acoustic monitoring
consider the use of multiple microphones in each node to avoméJ Stems
potential synchronization problems [41, 42, 43], the hardware” ’
cost of these systems is significantly higher. Therefore, low- The paper is structured as follows. Section 2 presents the sig-
complexity and easy to implement solutions are needed for deral model and statistical framework for the proposed CUSUM-
veloping feasible localization methods adapted to large scaleased event detection and onset time estimation methods. Sec-
WASNS. tion 3 proposes two flierent approaches for implementing this
Most of the above referenced works have been discussed coframework dficiently in WASNs. The general source localiza-
sidering only simulation results, thus, specific hardware limitation problem to be addressed by the central node is described in
tions are not usually taken into account. In fact, few worksSection 4. Section 5 provides a detailed description of the ex-
are evaluated over real network deployments, makifigcdlt ~ periments carried out to evaluate the performance of the method
to assess the feasibility of implementing a given method anavith simulations and a real network deployment. Finally, the

adapting it to a low-cost hardware system. In this contextconclusions of this work are summarized in Section 6.
2



2. Acoustic event detection and onset time estimation

2.1. Signal Model

Consider a set of microphone nodes and one sound source.

The signal captured by theth microphone nodex[n], can be
expressed as

1)

whereq[n] is the original source signahy[n] is the impulse re-
sponse between the source signal andhtttemicrophone, for
me {0,1,...,M — 1}, whereM € Z denotes the number of
microphone nodes, ang[n] is an additive sensor noise com-
ponent.

The impulse respondg,[n] can be split into two parts, one
corresponding to the direct-path and another part correspondi
to multi-path propagation, i.e.

Xm[N] = P[] + S[N] + vim[N],

hnln] = h&[N] + hioln] = amd[n — tmd + Henl,  (2)
wherehd [n] and !, [n] denote, respectively, the direct-path and
the reverberant part of the impulse respomges R is an atten-
uation factor ands € Z is the time-lag due to the propagation
from the location of the source to thmth microphone. This
time is usually referred to as thigne of arrival (TOA) at mi-

crophonem. Let us assume that the source signal is zero for

0 < n < ts, wherets is the absolute time at which the acoustic

event emitted by the source takes place. Therefore, the signal

captured by each microphone can be rewritten as:

if n< 1.
if n> 7,

3)
wherer, = Tms + ts, denotes the time at which tmath sensor
notices the event, i.e. the onset time at sensor

V[N,

o= {amS[n = nd + [ = S0 + Vil

2.2. Statistical framework

The signal from each microphone node can be modeled as
discrete random signalm[n], with independent and identically
distributed samples. The probability density function (pdf) of
each sample is given by(xm[n], #), whered is a deterministic

parameter. The occurrence of an event is modeled by an instan-

taneous change i) so thaty = 6y before the event at =
andf = 6, whenn > .. Thus, the two possible hypotheses are

Ha
Ho

0 =06,
0 = 6,

An event has been produced
No event has been produced

The pdf of the signaX[n] observed between the initial sam-
ple x,[0] and the current sampbe,[k] can take two forms de-
pending on the above hypotheses. Undefribeevent’hypoth-
esisHo, the pdfis

K
Protro = | | POmIN, 60).

n=0

(4)

On the other hand, under thevent’ hypothesisH;, the pdf
would be

Tm

-1
Pxor = | | POIN, o)
0

n=

k
[ T pOxnll, 62).

n=rm

(%)

The detection theory establishes that libge likelihood ratio
(LLR) test is the most powerful test (in the statistical sense) to
decide between the two hypotheses [50]. The LLR is defined

Pty

by
( Px o ) ' ©

The hypothesigH; is decided ifAy,, > n, wheren € Ris a
threshold defined by the user. Afy,, < 5, then the decision is
Hp. When looking at the current samptg[k], the LLR taking
into account Eq.(4) and Eq.(5) becomes

k
INA(ENEDY In(
N=tpm

Itis evident that it is not possible to calculate the above quan-
tity because it depends on the unknowigsé,; andr,. Fortu-
nately, ageneralized log-likelihood ratigGLLR) can be de-
fined by replacing all the unknowns iy, by their ML esti-
mates:

Ax £21n

m

ng

POl 61)

AR ()

ol 2 max Ay, Kl ®
k ~
- 1maxk2 '”(p(xm[n],éo))’ ©

whered, andé; are the ML estimates of the parameters. When
these estimates are available, the test can be used to gélect
if I'x,[K] > n. Thus, this ratio is also known as tldecision
function

When#; has been decided, the next problem is to estimate
the onset timer, from the measured samplgg[0], . .., Xm[K].
The ML estimate forr, is the value maximizing the likelihood
Pxiz[K, Tm] [51]:

a 1, £ arg max py; [k, 7| (10)
= arglgzz)éAxm[k,rm] (112)

k ~
= arg maxZIn(w). (12)

1<k POalr]. o)

N=Tm

2.3. Densities and ML estimates

According to Eq.(3)Xm[n] = Vm[n] whenn < 7, i.e. the
samples before the acoustic event belong exclusively to the
noise component. We assume that it follows a normal distri-
bution with zero mean and varianﬁvzm[n]] =oZ

_ xlnl
e 203
V2rog

wherefy £ o-g, i.e. its variance is the parameter modeling the
pdf beforery,.

P(Xmln], 60) ~ N(0,05) =

(13)

)



The modeling of the samples after the acoustic event is morEq.(12) depend on the actual estimated parameters. A practi-
problematic. On the one hand, it isffitult to assume a partic- cal solution to this problem is to use only one valuedgand
ular distribution for every acoustic event, since manjedent  one foré; so that the pdfs do not change with every possible
types of audio signals might occur (speech, impulsive noises;,. These values can be easily computed frofffiedent sub-
etc.) On the other hand, fierent acoustical conditions may sets of theK available samples. In fact, although the onset time
also lead to dferent statistical distributions. In [52], it was of the event at each node is unknown, a set of practical con-
shown that very small time frames of speech can be approxsiderations can be taken to guarantee that a rangeg iwfitial
mately modeled by a Gaussian distribution. Moreover, noissamplesn = 0,...,To — 1, does not certainly contain the on-
and reverberation also contribute to accentuate the normality afet of the acoustic event, while the range of ending samples
the resulting observed sound signal due to tfieat of hf,[n]. n=K-Ty,...,K-1, corresponds to the observation signal
As a result, a Gaussian pdf is selected as a model for the olafter the event has actually occurred. Under these assumptions,
served signal samples aftgy, having the advantage of provid- the estimates are given by
ing a more general solution underfférent kinds of acoustic

signals and environments. Moreover, the use of Gaussian pdfs G as2_ 1 T‘)Z_]l 2 17)
results in simpler calculations in the nodes. Then, the pdf after o U071, Xml O
Tm iS expressed as =0
K-1
n_ 1 3 K252== 3 xon]?, (18)
POl 0 ~ NO.0D = —=—e ™1, (14) 1 TOIT KZT
A . 5 where now they can be assumed to be constant when estimat-

wherety = o7 =E [(hm[”] * 8[N]) + Vin[N]) ] ing Tm. Section 3 discusses the selectiorgfand other signal

As already discussed, the varianeeband o are usually  acquisition issues. The left panel of Figure 1 shows an example
unknown. Moreover, in order to accurately estimate them, it isvhere diferent types of parameter estimates have been consid-
necessary to know in advance the valuegfwhich is also un-  ered for some observed acoustic event. The instantaneous ML

known. This is certainly a problem in the application of Eq.(9) parameters™") are shown in Fig. 1(a), while the fixed param-
when working on a sample-by-sample basis. The estimatiostersg(™ are shown in (b) foify = 100 samples.

of the variancea-g might not be so critical since, at a given

time k, the previous samples fromy[0] to xm[K] can be used 2.4, Cumulative sum algorithms

to obtain a ML estimate. Alternatively, a calibration stage be- Signal detection and onset time estimation canfhieiently

fore running the algorithm can also be performed to EStimat‘?mplemented by using theumulative sum(CUSUM) algo-

the noise variance in the absence of signal. However, the esfithm, which is based on the original work from Page [49]. This
mation ofc{ is not possible without ang priori information.  gigorithm has very low computational complexity and can be
This information can be in the form of a minimum parametergasily implemented in nodes with severe resource constraints.
change fromtp to ¢;. Nevertheless, the problem can still be Neyt, two diferent implementations are described to fifet
properly addressed if the processing followsaichapproach  ent application needs. The first one is the on-line version of the
instead of aron-line approach, i.e. if the samples are not re- gigorithm, which must be continuously running at each node on
quired to be processed one-by-one as they arrive. By using sample-by-sample basis to perform the detection of the event
batch approach, the microphone nodes héveamples avail-  gnq to estimate an onset time whenekéris decided. The sec-
able and it is assumed that there has been some acoustic eVgl one is a batch approach that only needs to be executed un-
within these samples. As will be discussed in Section 3, SOMger the assumption that the acoustic event has just actually been

signal acquisition issues must be considered in order to let theroquced, saving computational resources and battery life.
nodes know that some event has occurred. In this case, the ML

estimates of the parameters are directly obtained from the ol» 4.1. On-line CUSUM
served data. The paramete% is estimated from the samples  pefine thanstantaneous LLRt timen as
Xm[0], ..., Xm[Nn — 1], while the parameteri is estimated from

the samples[n], . .., Xm[K — 1]: Ll 2 Av Tl = m(p(xm[n],@l)) 19
3 o] £ A, [n.n] = In{ 2T (19)
A . 1
HSML) [n] £ &gn] = o Z Xm[K]?, (15) Including Eq.(13) and Eq.(14) into Eq.(19), the instantaneous
k=0 LLR becomes:
" 1 & 1(1 1 1 (o}
) A ~2 _ 2 _ 2
91 [n] = O'l[n] = m g Xn{k] . (16) |m[n] = é (o-_g - ;%)Xm[n] + E In (0_—%) . (20)
]’hen, the above quantities can be used as ML estindatasd Define the cumulative sum from O koas:
0, for each possible = ,, in the evaluation of Eq.(12). How- ‘
ever, the use of these estimates may require too much process- Sk 2 Zl [n] (1)
ing in common WASN applications, since the pdfs involved in " o e

4
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Figure 1: Signal example showing th€ext of diferent parameter estimates and the resulting cumulative sum. For illustrative purposes, the parameters are
represented as three times the estimated standard deviations for the two hypotheses. (a) ML estimates. (b) Fixed estimates considering starting and ending pa
the signal of lengtfTg = 100 samples.

From EQ.(19) and (21), the LLR defined in Eq.(6) can bethese samples, the decision functigy), is not necessary any-
expressed as more, since the only possible hypothesis under this scenario is
Hi. Therefore, it is sfiicient to estimate, by using Eq.(12),
Ax,[K 7m] = S[K] = S[tm — 1]. (22)  evaluated fromm = 1torm =K -1, i.e.

By using the above formula in Eq.(9) and Eq.(12), we obtain . K-1 p(Xrn[n],él)
Tm=arg max In| —————=|. (27)
L[k = S[K - min S[ry - 1], (23) lemsK-124 -\ p(xm[N], 6o)
£ = arg min S[rm - 1]. (24) By us@ng the_z quantities defined in Section 2.4.1, the above
1<msk formula is equivalent to
The above algorithm can be rewritten in a recursive manner. . .
The cumulative sum can be simply calculated as Tm=arg _min S[k]. (28)
SmlK] = Sm[k = 1] + I[K]. (25) Algorithm 2 summarizes this batch approach. While ML es-

_ _ N o timates fordp andé; can be obtained through the use of Eq.(15)
As shown in [53], since the decision function is compared toand Eq.(16), it results easier to have one value for each param-
a positive threshold, it can be rewritten as: eter obtained from the initial and 1a observed samples, as

3 . suggested by Eq.(17) and Eq.(18). The right panel of Figure
LKl = (T [k = 1] + I [KI} (26) 1 shows the resulting cumulative sum foffdrent parameter

where{ 7" 2 supg, 0) estimates. While the curves are significantlffelient, the min-
The necessary steps to implement the on-line approach af@umis the same in both cases(= 97 samples).
given in Algorithm 1. It assumes the values«f ando? are

known. As discussed in Section 2.3, in usual applications, thg, signal acquisition, communication and synchronization
variances after the event might befdiult to assess under an

on-line framework, requiring some a priori information such as In the last section, acoustic event detection and onset time
a minimum variance change. In any case, the following batckestimation were discussed by considering a LLR-based detec-

algorithm can be used to simplify the processing. tion framework. Algorithms 1 and 2, which are based on the
well-established CUSUM method, were proposed as potential
2.4.2. Batch CUSUM solutions to perform onset time estimation in WASNs. These

The batch approach is based on an available number of saralgorithms define two dierent strategies for handling acoustic
plesK at each microphone node, all of them containing an onevents, both of them having some strengths and weaknesses.
set from a given acoustic event. By assuming the availability oOn the one hand, Algorithm 1 is able to detect acoustic events
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Algorithm 1 On-line CUSUM

1

2:
3:

4.

10:
11:
12:
13:
14:
15:
16:
17:

18

5
6:
7:
8
9

. initialization
set detection thresholg> 0
set values for3 ando?

_1(1 1
Ci=3(% } %)
C, = %In (;;%
Sm[-1] =Tk, [-1] =0
k=0
: end
: while not stoppedio
Im[K] = C1x2[n] + C;
Sm[k] = Sm[k - 1] + Im[K]
L[kl = {Lx[k = 1] + Im[KI}
if Tx, [K] > then

Tm = arg mirlsrmsk Sm[Tm - 1]
return 7, to sink and reset
end if
k=k+1
: end while

Algorithm 2 Batch CUSUM

1

2:

11:

12:

13:
14:
15:
16:
17:
18:
19:
20:

. initialization

sete3=02=0

fork=0tok=Tg—-1do
35 =65+ [k

end for

G2 = (1/To)d3

1= &{ + x2[K]
end for
62 = (1/To)5%

fork=0tok=K-1do
Im[K] = C1x2[n] + C;
Sm[K] = Sm[k = 1] + Im[K]

end for

Tm = arg Min<r,,<k-1 Sm[7ml

return T, to sink and reset

fork=K-Totok=K -1do

Central Node Central Node

OT: Onset time
EW: Event warning

(a) (b)

Figure 2: Detection and onset time estimation strategies. (a) On-line approach.
(b) Batch approach.

automatically by looking at the statistical properties of the sig-
nal and its previous history, providing the central node or sink
with an onset estimate whenever an acoustic event produces a
statistical change on the acquired signal. However, the param-
eters that define the pdfs under tiegent’ and‘no event’ hy-
potheses might be filicult to set up without any a priori infor-
mation. Moreover, the algorithm is continuously running on the
microphone nodes fizzcting significantly their battery life. On

the other hand, Algorithm 2 only needs to be executed when it
is assumed that some event has occurred. The decision function
is not necessary in this case and better parameter estimates can
be used to calculatg;,. As it will be next explained, although

the performance of this method depends on the node capability
to detect an acoustic event from a basic amplitude threshold, the
power consumption in the nodes is substantially reduced. The
next subsection describes in detail the node communication is-
sues involved in these two approaches.

3.1. On-line approach
The steps involved in the on-line approach are as follows:

1. Each node is configured with some user-defined parame-
ters: n, o5 ando?. A calibration stage before operation
may be needed to set adequately these parameters.

2. Algorithm 1 is run at each node. The sink is continuously
listening to the onset times reported by the nodes, which
are sent together with some additional clock information
for synchronization.

3. Whenever the sink obtains, at least, five onset times (4
TDOAS) closely spaced in time (within a maximum al-
lowed delay) from dierent nodes, they are fed to the lo-
calization algorithm to obtain an estimate of the source
location (see Section 4). The maximum allowed delay
Dmax € R corresponds to the maximum TDOA for the sen-
sor setup plus the maximum radio transmission delay, i.e.

Fij
Dimax = K((mgé{ ! } + Dt), (29)
whereQ = {(0,1),(0,2),...,(0,M - 1),(1,2),...,(M —
2,M — 1)} is the set containing all the available pairs of



nodes,D; € R is the maximum radio transmission delay
in secondsg is the speed of sound,; is the distance sep-

arating the node pair,(j) € Q and« € R is a user-defined R
constant slightly higher than 1.

Figure 2(a) depicts this approach, where all the nodes are =~ ————— “ ™
continuously running the algorithm (represented by dark gray Node j ]
color) and only establish communication with the central node ty
whenever they have detected an onset time.

tq tij ‘ te

Figure 3: Diagram showing the time instants involved in the node signal win-
3.2. Batch approach dowing process.

In the batch approach, it is assumed that the node closest to
2
the source location has the greatest SNR, defin&NR2 2L,

Under this assumption, the closest node may be able to decide3- Synchronization
betweenHy, and H; by using a simple amplitude threshold.  Source localization is a demanding application in terms of
Then, it will notify the rest of nodes by sending an event warntime synchronization accuracy. Not only the onset times es-
ing alert to start the onset time estimation algorithm. The detimated by all the sensors must all have a common time ref-
tailed steps are as follows: erence, but also the time instants informed by event warning
alert messages. Berent types of time synchronization pro-
tocols have been proposed to solve timing issues. In the pro-
: ) posed method, protocols based on sender-receiver synchroniza-
of To mgst be re_latlvely smalll/ fs It ,15 ms, wherels is . tion such as the the synchronization protocol for sensors net-
the audio ;amp!lng frequency). This is useful fqrassummgNorked (TPSN) can be specially useful. In this context, syn-
S|gnallsta't|0nar|ty before and after the acogstlc event anghronization can befgciently performed by embedding timing
to avoid signal reflections as much as possible. information into the information messages exchanged between
2. Whenever the amplitude of the acqgired signal is greatehqdes. This is achieved by using MAC layer time stamping
than the threshold at some node= i, [x[t]| > v, the  [54] Section 5.2 provides some detailed information about sen-
nodei sends arevent warning alerto the rest of nodes ¢, synchronization for a real network deployment.
specifying its node identifiem§ = i) and onset time; =
ta.
3. When a node receives a warning alert of an eventat, 4. Source localization

from another node, the receiving nofie@bviates its own ) ) .
threshold and stores the samples going ftgm t, + t;; — While the processing at the wireless nodes has very strong
2To to te = ta + tij + To, Wheret;; € Z is the maximum restrictions for saving battery life and allowing for long-term

TDOA between the alerting nodeand the receiving node monitoring, the sink is assumed to be a more powerful machine
j,ie. capable of performing the data fusion part of the method, which
i consists in generating a location estimate from the received on-

tj = [fs?] ) (30)  settimes. In this paper, the selection of an appropriate location

This gives a total oK = 3T, stored samples at each node, estimator fitting the needs of the system is left to the user. Nev-

containing equivalent observation time ranges. Figure £rtheless, the localization problem is next described to provide
shows the times involved in this windowing process. the reader with a detailed description of the task to be addressed

4. All the nodes run Algorithm 2, returning to the sink an by the central node.
estimated onset time and some additional clock informa- )
tion for synchronization. However, since it is likely that 4-1- Problem formulation
the signal may not arrive to all the sensors witlffisient For the sake of simplicity, assume that an onset time from
strength (due to blocking¥ects, distance, etc.), only those each node has been received at the master node or sink. The
nodes withS NR> ¢ will send theirry,, where/ € Zisan-  positions of the nodes in a 3-D Cartesian coordinate system are:
other threshold set by the user. The onset times received
by the sink are used to obtain an estimate of the source Pm = [Xm» Yims zm]T, m=0,1,...,M -1, (31)
location.

1. The nodes are configured with an amplitude threshcid
R and a pregpost-event time slot lengffy € Z. The value

. . o which are assumed to be known. Without loss of generality, the
This approach is represented in Figure 2(b). The nodes dfirst node (h = 0) is regarded as the reference and is placed
not run the algorithm continuously, but they compare the amat the origin, i.e. po = [0, 0, 0]". The source is located at

plitude of the signal with a threshold (bright gray). When aps £ [Xs, Vs ZS]T. The distance diierence of sensolisand j
node detects a high amplitude signal, it sends an event warnirfgom the source is

alert to the rest of nodes. Finally, all the nodes estimate their
onset time and send it to the central node. dj = llpi —psl—lIpj —psll, i,j=0,1,....,M-1. (32)



This difference is proportional to the TDOA, which can be ob-5. Experiments

tained from the onset timeftierence as ] .
5.1. Simulation Results

T 21— 1) = (tis + ts) — (Tjs + ts) = Tis — Ts, (33) The performance of the proposed approaches has been evalu-
_ ated under dferent degrees of noise and reverberation. To this
thus,dj; = c- 7ij, wherec is the speed of sound. end, a significant set of acoustic simulations using the image-

The localization problem consists in estimating given the  source simulation method [58] was processed. The simulations
set of pn andr;;. In the absence of noise, the space spannediere generated by using a sampling frequencyisof 8192
by these TDOAs isl — 1)-dimensional, thusM — 1 linearly ~ Hz, which is the same as the one used by the sensors con-
independent TDOAs determine all the others. For simplicitysidered in Section 5.2. Berent combinations of SNR val-
the problem is usually formulated by considerMg-1 TDOAs  ues SNR e {20, 15, 10, 5, 0}) and wall reflection factorp
as the basis for this space, considering sensor 0 as the referenge< {0.0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9}) have been
Let dnp denote the source’s rangeffdrence between sensor  considered, simulating 200 feitrent sensor setups for each
and sensor 0, i.e. combination. For each rudj = 5 sensors were randomly dis-
tributed on a plane within a room of dimensions 10«® m x 3
dro = IPm—Psll = lIPll, m=1,....M-1  (34) m. Moreover, the experiments were repeated for two types
of acoustic sources: an impulsive source (broken glass) and
In practice, the TDOAs have measurement errors, so that thg male speech source, making a total of 20,000 simulations.
observed range fierences are modeled as: Errors related to synchronization or to the position of the sen-
sors were not considered. Since most localization methods are
approximations of the LS solution and the resulting localiza-
tion performance is also dependent on the selected method, we
preferred to avoid any specific closed-form localization method
and solved numerically the LS problem by using a spatial grid
search with a resolution of 0.1 m. The results are presented in
M1 terms of theMean Absolute Erro(MAE) of the estimated lo-
Jja Z(amo — )2 (36) cation with respect to the true source position. For the b_atch
— approach, the amplitude threshaldvas set to half the maxi-
mum possible signal amplitude, while the humber of samples
In this problem, an observed rangdfdienced,, defines a for estimatingdy andd, wereTg = 200. For the on-line ap-
half-hyperboloid in 3-D space. All points lying on this hyper- proach, the known SNR was used as a priori information to set
boloid are potential source locations, since all these points hawke value ob?, while the decision threshold was setjte: 500.
the same range filerencal, to sensomand the reference sen-  Figure 4(a) and Figure 4(b) show the localization accuracy
sor. Note that the minimization of Eq.(36) leads to a solutionresults obtained for the batch and the on-line approaches, re-
that has the shortest distance to all hyperboloids associated wisipectively. It can be observed that the batch approach is highly

amo £ dm + €mo, (35)

whereen is the measurement error adgh = ¢ - (Fm — 7o).
Most closed-form localization algorithms try to approximate
the LS criterion, given by

different microphone pairs. robust to dfferent SNR conditions, providing similar localiza-
tion accuracy for all the tested SNR values, except for SNR
4.2. Spherical equations dB. In this extreme case, the amplitude threshold detection

stage fails in deciding the existence of an acoustic event, es-
The LS problem can be linearized by introducing the sourcgecially when the source is speech. In fact, the results are con-
rangellpsll as an additional variable. It follows from (34) that  siderably worse for the speech source, being significantly more
affected by noise and reverberation than the impulsive sound.
[IPm = Psl” = (Ao + IIPI)? (37)  In any case, the MAE is around 0.25 m for the broken glass
source and 1.25 m for the speech source in moderate noisy and
reverberant conditions.

The results for the on-line approach (Figure 4(b)) show that,
while it is more sensible to the actual SNR condition than the
batch approach, the robustness against reverberation is consid-

oml? — d2 erably better. The average localization accuracy obtained under
o IFME "m0 (39)  very adverse conditiong (= 0.9, SNR= 5 dB) is better than
2 the one provided by the batch approach. This is a somewhat

Note that, the spherical equations (38) are linegrsigiven  expected result, since the decision between the ‘event’ and ‘no
llpsll and vice versa. In order to solve the problem, several apevent’ hypotheses is made based on the computed statistics in-
proaches have been suggested, such as the unconstrained atehd of a simple amplitude threshold. Moreover, the algorithm
constrained LS [55] solutions, the spherical intersection [56makes use of some a priori information (the actual simulated
and interpolation [39] methods or the linear-correction LS [57]SNR value). Again, the éierences obtained between speech
algorithm. and impulsive sound sources are quite significant (note that the

which yields the following equations in the unknown veqtgr
drollpsll + PrPs =bmy M=1,...,M-1,  (38)

where

Bm
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5.2. Real deployment

In order to demonstrate the validity of the proposed method
in a low-cost WASN, we have implemented the CUSUM batch
approach in a network composed by 5 mofenote-Invent
which have very limited sound recording and processing capa-
bilities. This mote is based on a 16 bit microcontroller (Texas
Instruments MSP430), having 10KB of RAM and 48KB of
Flash memory. The wireless transceiver is a Texas Instruments
CC2420, which is IEEE 802.15.4 compliant. The motes run the
TinyOS-1.0 operating system, which is written in a variant of
C named NesC. The microphone amplifier allows for a variable
dynamic compression ratio. Although compression introduces
some distortion, it permits the recording of low-power signals
and prevents clipping of high-power sounds. Since each cap-
tured audio sample is stored in 2 bytes of RAM memory (which
is only 10KB), a small sampling frequency must be used to al-
low for a reasonable observation window. In our experiments,
the sampling frequency was 8192 Hz, which led to an available
recording bifer of 4096 samples (0.5 s). Note that this applica-
tion requires all the motes to be in the same broadcast domain.
The radio range provided by the motes is about 50 m outdoors
or 30-40 m indoor, depending on the environment. Then, lo-

Figure 4: Localization error for dierent simulated environments using an im- ~5lization applications using the proposed method should be

pulsive sound source and a male speech source. (a) Batch approach. (b) On

Line approach

constrained to these ranges. Since a common timing reference
must be available, synchronization issues must be carefully ad-
dressed. For this application, having continuous synchronized
clocks among all the motes is not essential, since common time
references are only needed once an event has occurred. On-

graphs have dierent vertical scales), being speech more probset time estimation at each mote is performed according to its

lematic. The variance change is so small when SNIRdB

own local clock. Then, timing information is only sent to other

that the algorithm fails in deciding that an event has actuallynodes whenever an estimated onset time is transmitted. Both
occurred, propagating the error to the TDOA estimates and rdypes of information are embedded into the same data packet.
sulting in poor localization accuracy. Nevertheless, the averagéhe translation of timing information within the central node is

location error in moderate acoustic conditions Q.75 m) is

acceptable for most practical applications.

3(3.6.2)
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Figure 5: Real deployment set-up. (a) Room dimensions, motes and sour
locations. (b) Examples of cost function contours obtained from the estimat
TDOAs at the four source locations.

(b)

done by computing the instantaneoukset between the local
clocks of both motes. To estimate thigset, the so-called SFD
field in the 802.15.4 packet is used, allowing to get simultane-
ous clock time stamps in both motes. The measured mean error
in the dfset estimation is 3.17i/s, which does not significantly
affect the translation of onset times to a common time reference.

A set of four diferent locations in a rectangular room of di-
mensions 7 mx 6 m was considered to evaluate the perfor-
mance of the method. The measured reverberation time was
Teo = 0.68 s and the background noise was below 30 dB(A).
The reproduced sound source was the same impulsive sound
(broken glass) used in the simulations. For each location, four
different measurements were conducted, making a total of 16
experiments. The set-up is depicted in Figure 5(a), while ex-
amples of the location LS cost function obtained for the four
source positions are represented as contour plots in Figure 5(b).
The event was correctly detected in all the experiments, obtain-
ing an average MAE of 0.8 m. Note that this is a very good
result taking into account that there might be some measure-
e‘gﬁent errors both in the mote and source positions. In any case,

these results confirm the validity of the proposed approach in
real situations and using low-cost hardware in the nodes.



6. Conclusion

(23]

This paper presented two signal processing strategies based
on the cumulative sum framework for acoustic event detectiof4]
and localization in WASNs. These methods are aimed at pro-
viding efficient solutions for long-term acoustic monitoring us- |15
ing low-cost hardware with constrained acquisition and pro-
cessing resources. Both methods follow a hybrid scheme: all

the

nodes perform locally the detection of an acoustic even

and the estimation of its onset time, sending their results to
a central node that estimates the location of the source from
the reported information. However, while these two algorithms
are derived from the same change detection statistical framél—ﬂ
work, they difer significantly in terms of node communication,

a priori information and parameters estimates. Simulations ud18]

ing different degrees of reverberation and signal-to-noise ratio
have demonstrated that a relatively good localization accurac

9]

can be achieved by means of these algorithms, even in adverse
acoustic conditions. Finally, the validity of the method has been
demonstrated by experiments conducted over a real network de!
ployment using motes with very limited processing resources,
providing an average localization accuracy of 0.8 m.

[21]
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