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Abstract

In this paper, sub-band energy based collaborative target localization in wireless sensor network is presented.
Three steps including target detection, target location candidates estimation and target location identification
have been performed to realize the task of target localization. In the step of target detection, each sensor node
detects the targets by filtered total acoustic energy based constant false BI&EnCFAR detector, acoustic
sub-band energy based constant false al@B CFAR detector and multi-modality energy based constant false
alarm MME CFAR detector respectively. Region based target detection fusion is then performed based on
all node detection results from the three detectors. Sub-band acoustic energy based algorithm is performed
as the second step to estimate the target location candidates when targets are detected in the region. Finally,
sequential bayesian estimation is used to identify the most possible target location from these candidate locations.
Experiments have been conducted. Results show that this new approach is accurate and robust to the strong
background noise. Besides, communication bandwidth and computation burden are not high compared with the
other approaches.

I. INTRODUCTION

The emergence of small, low-power devices that integrate micro-sensing and actuation with on-board
processing and wireless communication capabilities stimulates great interests in wireless distributed sensor
network. Such distributed sensor network systems have a variety of applications [1], [2]. Examples include
underwater acoustics, battlefield surveillance, electronic warfare, geophysics, seismic remote sensing, and
environmental monitoring. Such sensor networks are often designed to perform tasks such as detection,
classification, localization and tracking of one or more targets in the sensor field. The sensors are typically
battery-powered and have limited wireless communication bandwidth. Therefore, efficient collaborative signal
processing algorithms that consume less energy for computation and communication are needed.

An important collaborative signal-processing task is source localization using a passive and stationary sensor
network. The objective is to estimate the positions of the moving targets within a sensor field monitored by
the sensor network.

Most localization methods depend on three types of physical variables measured by or derived from sensor
readings for localization: time delay of arrival (TDOA), direction of arrival (DOA) and received sensor signal
strength or power. DOA can be estimated by exploiting the phase difference measured at receiving sensors
[3], [4],[5] and is applicable in the case of a coherent, narrow band source. TDOA is suitable for broadband
source and has been extensively investigated [6], [7], [8]. In practice, DOA measurement typically require costly
antenna array on each node. The TDOA techniques require a high demand on the accurate measurement or
estimation of time delay. In contrast, received sensor signal strength is comparatively much easier and less
costly to obtain from the time series recordings from each sensor.

In [9], source localization based on the received acoustic power (energy) has been presented. Simulations
and experiments show that this approach is robust and accurate most of time. However, the performance of
this approach degrades a lot when source signals are corrupted by strong background noise. To address these
problems, we propose a new approach that uses sub-band energy rather than the entire energy to localize the
targets.
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Acoustic sub-band energy distribution or say, power spectrum density distrib@®D) {s a feature of a
particular target. Background noise may have significant components on some spectrum covered by the target
signal, but it is not necessary that background noise has significant components on all the spectrum covered
by the target signal. Therefore, if we estimate the target location based on the different sub-band energies, we
may get several location candidates, some of these location candidates should be the true target location since
these locations are estimated from un-corrupted sub-band energy decay functions. We would like to identify
the true target location from these location candidates. Using sequential bayesian detection, we can identify
this true target location.

The task of localization is divided into three steps, i.e., target detection by node detectionFii&ng
CFAR detector,SE CFARdetector andIME CFAR detector and region based decision fusion based on the
node detection results; target candidate location estimation using sub-band acoustic energies when targets are
detected in the region and sequential bayesian detection to identify the true target location. The first step:
target detection is important. It can reduce the computation burden since localization algorithm won't be
executed if there is no detection. Besides, it makes the localization algorithm more robust since when targets
are detected in the region, we may have higher SNR, which is an important condition for high performance
of all localization algorithms.

Experiments are conducted to evaluate this collaborative target localization algorithm in wireless sensor
network system. Results show that this new approach is accurate and robust to the strong background noise.

The rest of the paper is organized as follows: In section Il, we introduce node detectionFI€nGFAR
detector,SE CFARdetector andIME CFAR detector and region based decision fusion based on the node
detection results. In section Ill, we introduce sub-band energy based source localization algorithm. Sequential
bayesian detection to identify the true target location is introduced in section IV. Experiments and evaluations
on this approach are provided in section V. A conclusion is given is section VI.

Il. TARGET DETECTION IN WIRELESS SENSOR NETWORK

The sensor field is divided into several smaller region. Each region, we define one manager sensor node.
Other nodes are defined as the detection nodes.

The region is activated by our tracking algorithm implemented by Kalman filter, which uses the previous
localization results to predict the target location in the next time period. When it predicts that the targets
will go into another region, the current region manager node will send this information to the manager node
of that region. The corresponding region is then activated. Each detection node in the new activated region
will perform the node detection using filtered total acoustic energy based constant false Rl&nCEAR
detector, acoustic sub-band energy based constant false 8&BHAR detector and multi-modality energy
based constant false alarffME CFAR detector. Each detection node will send these results to the manager
node. Manager node will then perform region based fusion decision to detect the target in the region.

A. Energy-BasedFAR Detector

Energy based constant false alait@FAR detector detects targets based on the assumption that background
noise is relatively stable. When signal energy received by the sensor exceeds certain value, we assume that
the target appears. The algorithm is proceeded as follows:

A 1, time series is taken at the beginning to initialize the meai®) and standard deviatios; (0) of the
background noise energy, assuming no presence of target during this period. This is known as the noise level
initialization phase. Then each nodegoes to the detection phase where the engify) is compared to a
thresholdT;(n) at time n. Assuming the noise energy sequence is independent Gaussian, we caf; feefine
asT;(n) = p;i(n)+ Co;(n), whereC' is a constant chosen to yield a desired constant false alarm probability:

1
Ppy = exp(—§u2)du

1 /
\V4 (2”) c
The decisionry,;(n) then is

[ 1 yi(n)>Ti(n)
vi(n) = { 0 or(n) < Th(n)
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Fig. 1. Sub-band acoustic energy distribution for AAV and DW

where~;(n) = 1 indicates the target presence at time n and O for target absence at time; )l 1,
then the threshold keeps unchang@dyn) = T;(n — 1); otherwise, it is updated as follows:

pi(n) = (1 = a)pi(n — 1) + ayi(n)
of(n) = (1= a)ai(n 1) +alyi(n) — pi(n))?
T;(n) = pui(n — 1) + Coi(n)

where« is a factor between 0 and 1, indicating the approximate inverse of average length of mean and
variance. For exampley = 1/8 indicates the average length is 8. The reason we use this factor is to avoid
the recording of the previous raw signal so that we can save memory and computation time, but still get the
approximate updated mean and variance of the noise.

As we point out in the beginning, energy baseBAR detector detects the targets by assuming background
noise is relatively stable. However, in real situation, there are various sources that are not the targets we are
detecting. Total energy bas@FARdetector will treat them as real targets and produce false alarm. Following
we will introduce filtered total acoustic energy based constant false alaie CFAR detector, acoustic
sub-band energy based constant false alé®B CFAR detector and multi-modality energy based constant
false alarm IME CFAR detector to reduce the false alarm.

B. FTE CFAR Detector,SE CFARDetector andMME CFAR Detector

Acoustic power spectrum density?$D distribution ( sub-band energy distribution) is a feature for a
particular target. For example, acoustic energy for Assault Amphibian Vehicle (AAV) is mainly distributed on
the frequency betweei? Z and500H Z; acoustic energy for dragon wagon vehicle (DW) is mainly distributed
on the sub-band betwedn/ Z and 200H Z. Fig. 1 shows thé?SD distribution for AAV and DW acoustic
signal averaged by measurements of 17 nodes in 2 minutes in our experiment. The sampling frequency is
4960HZ.

As described previously, the acoustic signal received by the sensor node might be corrupted by any sources
that we are not interested. The existence of these spurious sources degrades the performance of our detection
and localization. In this paper, we treat all these spurious sources as well as random noise as background
noise. An important task in detection and localization algorithm is to filter out background noise energies
from received energy. One way to do this is to analyze the measured sub-band energy and use sub-band
energy distribution characteristics to do detection and localization. In this section, we will intrédiEEe
CFAR detector,SE CFARdetector andMME CFARdetector to filter out the background noise in the target
detection. In section IlI, we will introduce how to improve the localization results by sub-band energy based
localization algorithm.
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Fig. 2. Measured energy distribution for AAV by sensor node 61

1) FTE CFARDetector: Fig. 2 shows total energy, sub-band energies and ratios of sub-band energy to total
energy measured by one node in our experiment for detecting AAV targets. The sampling speed is 4960HZ.
The energy is calculated by averaging the time window of 0.75 second, i.e., by averaging non-overlapping
3720 sampling points. It can be seen that the total energy is quite noisy. If we use total eneZgaRmode
detection, detection results have quite a few of false alarms. Yet, the figure also shows that only the points
at the interval between 72(0.75*72sec) and 88(0.75*88sec) have the sub-band energy distribution (or PSD
distribution) similar to AAV sub-band energy distribution, i.e., sub-band energy in the rang® of 200H Z
has the largest component in the total energy, sub-band energy in the rafige bd0H Z has the second
largest component, the third largest component is the range from 200HZ to 300HZ and so on. So, with the
comparison of measured sub-band energy distribution and sub-band energy distribution characteristics for the
detecting target, we can filter out a large amount of false alarm. We call this algorithm as filtered total energy
based CFAR detectoFTE CFAR.

2) SE CFARDetector: FTE CFARdetector can reduce lots of fault alarm. Yet, it also creates the probability
of miss detection. It is possible that there exist several sources in the detection region, one of which is the
target source we are detecting, but this target signal strength is not as strong as other sources, or it is relatively
far to the detection node compared to the other sources. Then if we use total energyCBAsedetector,
we can detect this target. However, if we USEE CFARdetector, we will miss detecting the targets as the
sub-band energy distribution is no longer to be similar to that particular target and so, the detection will be
filtered out. To reduce the probability of miss detection, we also detect the targets by using sub-band energy
based CFAR $E CFAR detector. TheSE CFARdetection results are then fused wETE CFARdetection
results. The use cBE CFARdetection is hinted by the following observation:

For every target, its acoustic signal is band limited, i.e., its acoustic energy is mainly concentrated on certain
bands. Background noise may have significant components on some spectrum covered by the target signal,
but it is not necessary that background noise has significant components on all the spectrum of the target
signal. Therefore, if targets exist in the region, even if the signal is corrupted, there still exists some relatively
clean bands that are mainly comprised of the target signal only. We can use sub-band energy to detect the
target and use these detection results to compensateTtheCFARdetection results. For example, in Fig. 2,
background noise is mainly from OHZ to 100HZ. It completely destroyed the target signal at the sub-bands of
this range. However, it shouldn’t destroy the sub-band from 100HZ to 500HZ, which also have the significant
components for AAV signal. So, if it is purely noise signal, then we get 1 detection at the sub-band from OHz



to 100 Hz, but O detection at the sub-bands from 100HZ to 500HZ and 0 detectiohEoCFARdetection
results. Use certain fusion decision, we announce 0 detection. If it is strong noise plus true target, we get 0
detection ofFTE CFAR(as the noise destroyed the spectrum distribution), however, we get 1 detection at all
the sub-bands from OHz to 500Hz, use certain fusion algorithm, we can still detect the target.

The choices of the sub-band ranges depend oP8iadistribution characteristics of the detected signal. For
example, the energy of acoustic signal for AAV is mainly concentrated &% ~ 500H Z, we can choose
the sub-band components for AAV @s~ 100H Z, 100 ~ 200H Z, 200 ~ 300H Z, 300 ~ 400HZ and
400 ~ 500H Z. For DW, we can choose the sub-band components-asl0H Z, 40 ~ 80H Z, 80 ~ 120H Z,
120 ~ 160H Z and 160 ~ 200H Z since the acoustic signal for DW is mainly concentrated on the sub-band
from OHZ to 200HZ.

3) MME CFAR Detector: To further reduce the false alarm and miss detection, we also use the multi-
modality signal such as seismic and PIR signal to do the energy based GRAE CFAR detection.

The overall strategy of node detection is as follows:

For every node i,

1. Detect the target use total acoustic energy, if it is detectedAfgy = 1, where i stands for the!”
sensor node) stands for the detection from total energy]) stands for the acoustic detection.

2. If AD;y = 1, check the spectrum distribution. If the spectrum distribution is similar to the spectrum
distribution of the target we are detecting, don't change the setdf,, otherwise, setdD;, = 0; (Here,
we just compare the ranking of the measured sub-band energy components with the ranking of the sub-band
energy components of the detecting target. If the ranking of measured energy components is the same as the
ranking of the particular target sub-band energy component, we treat it as similar; otherwise, we treat it as
non-similar).

3. For sub-band j, usBE CFARdetector to detect the target based on the sub-band j's energy, and get the
detection resuldD;;, j =1,2,..M. M is the number of sub-band we choose 8 CFARdetection.

4. Detecting the target based on other modality energy, such as seismic energy or PIR energy respectively,
and get the detection resultsD; and PD;.

5. Node i sendsAD;; and SD;, PD; to the manager node for all j. Manager node will use certain fusion
algorithm to fuse all these detection results.

C. Region Fusion Detection

In above, we introduceBTE CFARdetection SE CFARdetection andME CFARdetection. In this section,
we will describe how manager node uses these node detection results to perform region based target detection.
The manager node first uses majority voting to get the detection results for each modality and each acoustic
sub-band detection. For example, in region 1, if there are more than N/2 nodesFépo@FARdetection,
where N is the number of detection node in region 1, the manager node judgdsTthatFAR detection
for region 1 is 1. Similarly, for acoustic sub-bariddetection, suppose there are less than N/2 nodes report
detection, manager node considers the acoustic sub-patetection in this region is 0. So does seismic
modality detection. PIR sensor is special, manager node announces PIR detection if there is more than 1
PIR detection. After that, manager node uses different weights for different modality and different sub-band
acoustic energy to fuse their detection results. If the fusion result announces that targets are in the region,
acoustic localization algorithm is activated and performed to further locate the targets in the region. Fig. 3
shows the overall picture of region based fusion detection.

1. ACOUSTICSUB-BAND ENERGY BASED SOURCEL OCALIZATION

Localization algorithm is executed when targets are detected in the region. In this section, we will describe
acoustic sub-band energy based source localization algorithm.

In [9], it is derived that, when sound propagates in free and homogenous space and the targets are pre-
detected to be in a certain region of the sensor field, the acoustic energy decay function can be modelled by
the following equation:

y'L(n) = ysz( +51 gzz H p . H2 +€’L(n) (1)
j i
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Where K is the number of targets detected in the regigiin) is the acoustic energy received by tHe
sensory,;(n) is the the sum of the decayed energy emitted from each of thesargets toi* sensor (i.e.
energy sourcesk,;(n) is a perturbation term that summarizes the net effects of background additive noise and
the parameter modelling erray; andr; are the gain factor and location of thié& sensor,S;(n) and p;(n)
are respectively, the energy emitted by tfi& source (measured atmeter from the source) and its location
during nt" time interval. N is the number of sensors in the activated regjois the location dimension.

The probability distribution of;(n) can be modelled well with an independently, identically distributed
Gaussian random variable when the time windbwor averaging the energy is sufficiently large, i®,>
40/ fs, where f, is the sampling frequency [9]. The mean and variance of eget), denoted by, (n) (> 0)
andco?(n), can be empirically estimated from o@FAR detector that we described previously.

A. Maximum LikelihoodNIL) Estimation with Projection Solution
Define

_ _ _ r
7 = [ ylalﬂl y262#2 L. yNJN#N ] (2)

Equation(1) can be simplified as:

7 = GDS+t = HS+¢ 3)
Where:

S=[5 S .-k @
H=GD (5)
G=diag[ & £ ...2%] (6)

<+ =
D — d2l d22 d2.K (7)

11 1

A iy Ak

di; = \pj — ;| is the Euclidean distance between tie sensor and thg!" source.
€ =166 ... )T, whereg; is independent Gaussian noiseN (0, 1)



The unknown parametef in the above function is:
0=[pl o5 - Pk S S - Sk
The log-likelihood function is:
-1
46) =~ |z~ GDS |? ®)

Given the log-likelihood functiorf(8) denoted as equation (8YIL estimations of the parametefisare the
values that maximizé(0), or equivalently, minimize

£(0) =[| Z - GDS ||? )

Equation (9) had{(p + 1) unknown parameters, there must be at Igagp + 1) or more sensors reporting
acoustic energy readings to yield an unique solution to this nonlinear least square problem.

Define pseudoinverse di as H, projection matrix ofH as Py, and perform reduced SVD df, we
have:

H' = (H'H)" H” (10)
Py =HHTH) 'HT = Uy Uy (11)
H=GD=UyZyV} (12)
Set 2% = 0, we have:
S=H'Z (13)

Insert (13) into the cost function (9), we get modified cost function as follows:

argMIN L= argMIN (Z'(I-Py)"(1-Py)Z)
N—_—— N—_——

{p1:p2;--.PK} {p1,02,--.pr}
= argMAX (Z"P}Z) = argMAX Z"U, U} Z (14)
N—— N——
{p1,p2,---px} {p1,p2,---Pr}

For single sourcej =1,
T
g1 g2 In

o1d? ood3’  opdi|

_H
| H |

Exhaustive search can be used to get the source location to maximize function (14). However, the com-
putation complexity is very high. For example, suppose our detected search red2f»s128, if we use
exhaustivesearch using the grid size dfx 4, we need1024” times of search for every estimation point,
where K is the number of the targets. Rather, we can use Multi-Resolutiii?) Eearch to reduce the number
of search times. For example, we can use the search gridl8izel6, 8 x 8, 4 x 4 sequentially. Then, the
number of search times is reduced®™ + 2 * 4%. For two targets, it need$128 search times usinyIR
search with this search strategy an@4? search times usingxhaustivesearch to get one estimation. We
can further reduce the number of search times by reducing our search region based on the previous location
estimation, the time interval between two localization operation, possible vehicle speed and estimation error.
In our experiment, all these conditions are used. The search area we used foojt#wion solution is
(x; — 32,2; +32) x (y; — 32,y; + 32), where (z;,y;) is the previous estimation location of thi€ target.
Therefore, for single target, we need ogly search; for two targets, we ne288 search for every localization
estimation, which is feasible for our distributed wireless networking system.

H =

Ugn



B. Nonlinear Least SquardN(S) Estimation for single Target Localization

When there is only one target in the region, by ignoring the additive noise dgimthe equation (1), we
can compute the energy ratig; of thei'" and the;j" sensors as follows:

—-1/2
YilYj p—T;
9i/9; “le—xl

Here p denotes the single target location. Other parameters are the same as what described before.
Note that by sorting the calibrated energy readings;, for 0 < ¢;; # 1, all the possible source coordinates
p that satisfy equation (15) reside on a p-dimensional hyper-sphere described by the equation:
H P — Cij ||2 ’L] (16)

Where the centee;; and the radiug;; of this hyper-sphere associated with sensor i and j are given by:

_ 2 2
cii = rl1 _iz—éjj’ Cij = Pij qlz (p?:'j I (17)
If ;; =1, the solution of equation (15) form a hyper-plane betweegandr;, i.e.:
p(t)ij = Ti; (18)
|ri|? —Ir I

Wherev;; =1; —r;, 735 =

So far, we show that, for smgle target at noiseless situation, each energy ratio dictates that the potential
target location must be on a hyper-sphere or a hyper-plane within the sensor field. With noise taken into
account, the target location is solved as the position that is closest to all the hyper-spheres and hyper-planes
formed by all energy ratios in the least square sense, i.e., the single target location is solved by minimizing
the following cost function:

Ly

J(p) = (lp—enl =) + Z o —m.)° (19)
=1 =13
Where Ly + Lo, = L, L is the pairs of energy ratios can be computed in our sensor fieldnd I are
indices of the energy ratios computed between different pairs of sensor energy reddiragsl L, are the
number of hyper-spheres and the number of hyper-planes respectively.
Again, exhaustive searcMR search can be used to solve thN&S estimation.

C. Sub-band Energy Based Location Estimation

While region-based fusion detection based on the node detection resultsTier@ FARdetectorSE CFAR
detector andMM CFARdetector can filter out a large amount of false alarms caused by pure strong background
noise and therefore, localization algorithm won't be executed by the manager node, there are cases that targets
are in the region, but background is noisy. In such cases, localization algorithm will be executed. However, the
measured acoustic signals are quite noisy and if we use these signals to perform our energy based localization
algorithm, the location results are no longer the true target location. To address this problem, we use sub-band
energy to estimate the possible source location candidates and then, use sequential bayesian decision to identify
the most probably location candidate.

When signal propagates in the air, signal decay factor may be different at different frequency range. Typically,
decay factor for high frequency components of a signal is higher than that for low frequency components. In
many real applications, signal is band limited, and the dominant frequency range of a signal is not broad. For
example, the dominant frequency range for AAV acoustic signal is between OHZ and 500HZ. The dominant
frequency range for DW acoustic signal is between OHZ and 200HZ. As a results, we can assume that the
decay factor in these dominant frequency range is constant. In our model, we assume that the sub-band energy
decay factor is 2 for all the dominant frequency components of the target signal. Another assumption in our
sub-band energy based localization is that we assume each frequency component of a signal is independent
and won't interfere with each other when propagating in the air. Besides, we assume frequency components
of the signal won't be changed by propagating in the air.



Based on above two assumptions, we can use sub-band energy decay model to estimate the target location
candidates using different sub-band energies. To do this, we can still use the same energy decay function
denoted as equation (1). However, the measurement engrgliyould be replaced by sub-band enetgy,
source energys; is replaced byS;, and noise energy; is replaced by¢;, . Herey;, stands for thek'”
sub-band energy component measured byithesensor.S;, stands for thek‘" sub-band energy component
for j** source.£;, stands for thek*" sub-band energy component for noise enefgy;, is assumed to be
Gaussian distributed with mean, and variancer;, . u;, ando;, are estimated by thé" sensor node using
SE CFARdetector.

Using the algorithm described in the previous sectioniférsub-band energy decay function, we get target
location candidatd™; and source sub-band compon&8; as:

Li(n) =[p{ p3 - pkli (n) (20)

SSZ(TZ) = [Sli(n)vs%(n)v"'7SK¢(TL)]T (21)

wherei denotes the sub-band range i, K stands for number of target sources, and n denotes the time period
n.

IV. LOCATION IDENTIFICATION

Using sub-band energy based localization algorithm, we get the target location canfiidateand source
sub-band componei®S;(n) at any time intervah. We would like to identify which location candidate is the
most probable target location.

Before we describe the location identification algorithm, we clarify here that in our whole collaborative
target detection and localization algorithm, target tracking is an important step. The tracking algorithm is
implemented using the standard Kalman filter, which uses the localization results and previous tracking results
to predict the target location at the next time step. Note that Kalman filter is a sequential bayesian estimator
when we assume that noise is Gaussian.

To identify which sub-band localization result is the most probable target location, we need to separate
the situation into two phases. One phase is at the stage that target detection and localization estimation is
not guaranteed to be accurate and robust. Therefore, location prediction using Kalman filter which uses the
localization results is also not guaranteed to be accurate. We call it as initialization phase. Another phase is the
robust phase. At this phase, the localization estimation is robust. Prediction based on the localization results
is also robust. R

DenoteI'(n) as the identified target location at timeI(n) as the predicted target location from Kalman
filter. At the robust phase, we can assume that real target location at time &epaussian distributed with
meanI'(n) and varianc&(n). ldentification of the target location at this robust phase is performed as follows:

L'(n) =T;-(n) (22)
Wherei* = arg MAX P(T;(n)|T(n))
——

{i}
The identified target location is then feeded into the Kalman filter. Kalman filter uses this data to predict
the target location at the next time step, i.e.,

~

L(n+ 1) = f(T(n) T(n-1) ... T(n-L+1)) (23)

where f is the function of Kalman filterﬁ(n + 1) is predicted as follows:

Sn+1)=(1-+)

7 (T(n) = T(n)(T(n) —T(n))" (24)

M)
=

(n) +
Define:
X(n) = [[(n) T(n-1) ... T(n-L+1)]"

~ ~ —~ —~ T
Xm%:FM)Hn—DN.Hn—L+U
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1

R(n) = a2

~ T ~
(X(m) = X(m)) " (X(n) = X(m))
We judge target localization goes into the robust phase if:
R(n) € T3(L)

Whereq is the confidence level we choose for thé test. A is the accepted error bound for a particular
application. For example, in our AAV target localization application, A can be chosen as 30. L is the freedom
of x2 distribution for R(n).

If R(n) doesn't satisfy abov@™ test, localization algorithm goes into the initial phase. At this phase, the
location is identified by trying to find a trajectory from time— L + 1 to current timen that will minimize
the cost function, i.e.,

[T(n),T(n—1),...T(n—L+1)] = [ria (n),Tiz(n—1),.., T (n— L+ 1)] (25)

Wherel[i§, if,...,i5_;] = argMin {I(T;,(n),T;,(n —1),...T;,_,(n— L+1))}
N—_——
{i0,i1,..in—1}
The cost function is defined as square error function, i.e.:
L—-1
l(rlo (ﬂ), F’il (Tl - 1)v X3 FiL—l(n - L+ 1)) = Z l’ij (n - ]) (26)
j=0

Where:

—~

liy(n = 3) = Zi;(n = j) = Zi;(n = )

is the square error between the normalized measured sub:parehergy and the sum of decayed sub-band
i;'s energy of all sources, assuming the sources sit at the positions estimated fremstieband energy
based localization function, i.e.,

r
. Y1, —H1; . Y2, —H2; . YN; —HN;. .
Zing) = | Bt P M ) 27)
J J J
Where:
. . 9 g 9
Gy, (n—j) = diag [ o1 022 UNN (n—j)
1 1 1
d%li ) df%_ o d?K,i .
21 ' 21 ’ %J
. d‘21i d22i, a d K;. .
Dj(n—j) = T (=)
1 1 ' 1
dxr,.  dNe,. T Ak,
J J J

dri,, (n—j) = |py, (n—j)—ri| is the Euclidean distance between tfie sensor and the location 6f* source
7

estimated by thé;’th sub-band energy based localization functipn. (n — j) = T';,{(I — 1)p : Ip}(n — j),

p is the location dimensiom — j stands for thgn — j)* time interjvaI.I‘ij andSS;; are thez’;h location
candidate an@l;h source energy component estimated fr@fhsub-band energy based localization algorithm.
(See equation 20, 21).
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Fig. 4. sensor deployment, road coordinate and region specification for experiments

V. EXPERIMENTS AND EVALUATION
A. Sensor Network Configuration

The raw signals were recorded by 29 sensor nodes deployed along the road in the sensor field, CA in
November 2001, sponsored by the DARPA ITO SensIT project. Each sensor node is composed of a palm with
wireless radio link, an acoustic sensor, a seismic sensor, a PIR sensor and three coaxial cables which connect
the sensors to the palm. The data we used to evaluate our collaborative source detection and localization
algorithms were taken from 15 sensor nodes recording the acoustic, PIR and seismic signatures of AAV
vehicle going from east to west during a time period of 2 minutes. Fig. 4 shows the road coordinates and
sensor node positions, both supplied by the global positioning system (GPS). The sensor field is divided into
two regions as shown in Fig. 4. Region 1 is composed of niodé, 42, 51, 54, 55, 56, 59, 60, 61. Region 2
is composed of node6, 47,48, 49, 50, 52, 53, 58. In region 1, node 1 is chosen as manager node, others are
detection node. In region 2, node 58 is chosen as manager node, others are detection node. The sampling rate
is fs = 4960Hz. The energy is computed by averaging the T=0.75sec non-overlapping data segment (3720 data
points).

B. Target Detection and Localization

Fig. 5 and Fig. 6 show thETE CFAR SE CFARMME CFARnode detection results and final region fusion
detection results. The constafitwe choose for th€FAR detector are” = [3.5,3.5, 5, 5, 10, 10] for acoustic
total energy, sub-band 2, sub-band 1, sub-band 3, seismic and PIR detection respectively.100 (i.e,
average length=100) for all of the thréAR detector. The weights we used for the region fusion decision
of the filtered total acoustic energy based detection, acoustic sub-band 2 energy based detection , acoustic
sub-band 1 energy based detection, acoustic sub-band 3 energy based detection, seismic energy based detection
and PIR energy based detection are 0.3,0.4,0.2,0.1, 0.5, 0.1 respectively. If the region fusion result is bigger
than or equal to 0.5, manager node announces the target.

With the fusion of the above three different node detection results, we dramatically decrease the probability
of miss detection and fault alarm. Table 1 shows the performance improvement by using the fusion of three
detector results in stead of using the acoustic energy based CFAR detector results only. Here, we define
sensitivity as the rate of detection when target is in the region. We define specifity as the rate of correct
announcement when the region announces the target detection.

Table 1. Sensitivity and Specifity of Target Detection

Target Detection Approach Region Sensitivity | Specifity
. . . Regionl 100 74.6
Acoustic Energy Based CFAR Node Detector + Region Fuslo%egion2 64 90
FTE CFAR SE CFARMME CFARNode Detection + Region Fusion 97071 100 86.3
Region2 89 100
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Fig. 6. FTE CFAR SE CFAR MME CFARnode detection and region fusion detection for region 2 (AAV)

Fig. 7 shows the AAV ground truth and the localization results based on the normal energy based localization
(EBL) approach and identified sub-band energy based localization appidachlgorithm with projection
solution andMR search is used for both of the approaches. The search grid size we chose is: 4*4, 2*2, 1*1.
To evaluate this new collaborative source localization algorithm, we compute the localization errors defined
as the Euclidian distance between the location estimations and the true target locations. The true target location
can be determined since they must be positioned on the target trajectory which can be extracted from GPS log.
These localization errors are then grouped into different error range( ire.10, 10 ~ 20, ...40 ~ 50, > 50.
We call it as error histogram of our localization algorithm. Fig. 8 shows this localization error histogram
for AAV localization. Fig. 7 and Fig. 8 show that identified sub-baBBL approach greatly improves the
performance of localization estimation compared with the nofB&il approach in the noisy environment.

C. Discussion

From experiment, we can see that, although the set of data we used is very noisy, the new approach using
FTE CFARdetector,SE CFARdetector MME CFARdetector and region fusion decision based on these three
detection results still provides very good performance of target detection. The false alarm and miss detection
decrease a lot compared to the region fusion decision based on nGFA& node detection only. Since
localization algorithm is executed only when targets are detected in the region, and locations are searched in
the detected region which minimize the cost function, decreasing of the miss detection and false alarm increases
the localization performance in the sense that localization is searched in the correct region. Meanwhile, sub-
band energy based location candidates estimation and location identification from those candidates provide a
way to filter out the fault location estimation, and therefore provide better location estimation. These facts
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imply that sub-band energy distribution is an important characteristics that can be used to make our detection
and localization algorithm more robust in the noisy environment.

In fact, using sub-band energy based target detection and localization is a way of short-time frequency
analysis. This is because we separate the signal into different sub-band space. Meanwhile, we use certain
time window to calculate these sub-band energies. The algorithm also uses the space information of the sensor
network system because the algorithm uses the sensor locations for location candidates estimation. Information
of signal variations with time is also used by using the sequential bayesian estimation for identification of
the target candidate location. Therefore, this new approach uses almost all the information we have, from
short-time sub-band energy component, sensor network space information to signal variation information. Of
course, compared to the normal energy based detection and localization algorithm, this new approach need
to send more data to the manager node, i.e., its bandwidth is M times of the normal energy based algorithm,
where M is the number of sub-band we use. However, this new approach still need relatively less bandwidth
compared with other available method since the detection nodes report the data to the manager node only at
every time period rather than at every sampling instant.

VI. CONCLUSION

Sub-band energy based collaborative target localization in wireless sensor network system has been pre-
sented. Three steps including target detection, target location candidates estimation and target location identi-
fication have been performed to realize the task of target localizatibe. CFARdetector, SE CFARdetector,

MME CFAR detector are introduced for node detection. Region based target detection based on these three
detection results is provided. Sub-band acoustic energy based algorithm is performed to estimate the target
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location candidates when targets are detected in the region. Sequential bayesian estimation is used to identify
the most possible target location from these candidate locations.

As discussed in section V-C, this new approach is an approach of short-time frequency analysis. It also
uses the space information of the sensor network. Besides, it uses the sequential signal information for the
location candidate identification. Therefore, this new approach uses almost all the information we have, from
short-time sub-band energy component, sensor network space information to signal variation information.

Experiment has been conducted to evaluate the performance of this new approach for target detection and
localization. Results show that this approach decreases a lot of false alarm and miss detection. Therefore,
target localization algorithm can be searched in the more correct region. It also improves the performance of
target localization compared to the normal energy based localization algorithm.

Sub-band energy based localization need more bandwidth compared to the normal energy based localization
algorithm. However, it still needs less communication bandwidth compared to other approach since each sensor
reports the data to the manager node only at every time period rather than at every sampling instant. Sub-band
we choose for detection and localization is based on the t&§Btdistribution characteristics.
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