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Abstract

Source localization is an important task in wireless distributed sensor networking system. One of interest
research area is to look for an optimal sensor deployment that can improve the performance of source detection
and localization. In this paper, we will present an optimal sensor deployment based on Cramer-Rao Bound
analysis for energy based acoustic source localization algorithm. Both theoretical analysis and simulation show
that the optimal sensor deployment for this algorithm is to deploy the sensor uniformly and densely in the region
where the target may appear. In general, sensors deploying on the straight line should be avoided. Maximum
sensor interval is calculated to satisfy the maximum localization estimation error bound under certain confidence
level when sensors are uniformly distributed. It has been shown that deploying the sensors densely can get high
performance enhancement over price addition.

I. INTRODUCTION

Efficient collaborative signal processing algorithms that consume less energy for computation and less
communication bandwidth are important in wireless distributed sensor network communication system [1]. An
important collaborative signal processing task is source localization.

Existing acoustic source localization methods depend on three types of physical measurements: time delay
of arrival (TDOA)[2], direction of arrival (DOA)[3] and source signal strength or power. In practice, DOA
measurement typically require costly antenna array on each node. TDOA is suitable for broadband source
localization and has been extensively investigated . It requires highly accurate measurement of the relative
time delay between sensor nodes. In contrast, received sensor signal strength is comparatively much easier
and less costly to obtain from the time series recordings from each sensor.

In [4], a new approach using the acoustic signal intensity (energy measurement) to estimate the source
location usingML estimation is proposed. In this paper, we will analyze the sensor deployment which can
maximize the performance bounds of the energy based source localization based on Cramer Rao Bound
analysis. It is shown that the optimal sensor deployment is to deploy sensors uniformly and densely in the
sensor field.

CRBis a theoretical lower bound of the variance that we can reach for the unbiased estimation. It is
asymptotically achievable fdviL estimation if the variable is Gaussian distributed. ®yebyshes inequality,
we know that the probability of estimation error is bounded by the ratio of the variance of that random variable
and the square of that estimation error. So, the performance bound of source location can be maximized if the
CRBis minimized. Using this inequality, we predict the maximum sensor interval that can satisfy the required
localization error bounds under certain confidence.

The rest of this paper is organized as follows: In section Il, we briefly introduce the modelling of acoustic
source localization. In section I, we derived t@8&Bfor energy based localization problem. Sensor placement
to achieve better source location estimation is analyzed and verified by the simulations in section IV. In section
V, we calculate the maximum interval that satisfies the estimation error bound under certain confidence level
when sensors are uniformly distributed. A conclusion is given in the section VI.
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[I. ENERGY -BASED SOURCELOCALIZATION

It is known that acoustic energy attenuated at a rate that is inversely proportional to the square of the
distance from the source [5]. Based on this knowledge, we may estimate the source location using multiple
energy reading at different, known sensor locations.

[4] show that in certain conditions, acoustic energy decay model in the wireless sensor field can be described
as the following function:

yl(t) = ys(t Z |p — I‘1|2 + 5Z(t) (1)

For i=1...N. N is the number of sensors used to estimate the source localization, K is the number of sources,
g; andr; are the gain factor and location of tifé¢ sensor,S;(¢) and p;(t) are respectively, the energy emitted
by the j** source (measured at meter from the source) and its location during time intenva;(¢) is a
perturbation term that summarizes the net effects of background additive noise and the parameter modelling
error.

The probability distribution ofs;(¢) can be modelled well with an independently, identically distributed
Gaussian random variable in practical situations. The mean and variance of,;€gclienoted byu; (> 0)
ando?, can be empirically estimated from the time series data sampled at sensiog CFAR detector [6].
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dij = \pj —1;| is the Euclidean distance between tHe sensor and thg*" source.
The joint distribution function ofZ is:
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The unknown parametersin the above function is:

0=[p" pi - pI 5 S5 - S ]T

Note that we have{(p + 1) unknown parameters, where p is the dimension of the location, we need, at
least, K (p + 1) sensors to localize the K source.

ML estimations with projection solution ariekpectation Maximizatiosolution can be used to solve this
problem [4].



I1l. CRAMER-RAO BOUNDS FORENERGY BASED SOURCEL OCALIZATION PROBLEM

CRBis a theoretical lower bound of the variance that we can reach for the unbiased estimation. It is useful to
indicate the performance bounds of a particular algoritBiRB also facilitates analysis of factors that impact
mostly on the performance of an algorith@RB s defined as the inverse of tiésher Matrix

1=-5 (55 |5 fo(@) )

For the problem with the joint distribution function described as equationH{8her matrixis:
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In above equationb;; is the unit vector from sourcg to sensori, which can be expressed as:
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We get theFisher Matrix J as follows:
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The variance of the unknown parameter estimation is bounded by the CRB, i.e.
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Wherevar (p;,) is the variance of the estimation location fié# source atj*" coordinate direction.
For single target, the formula is reduced to:
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IV. SENSORPLACEMENT TO ACHIEVE BETTER SOURCELOCATION ESTIMATION
By Chebyshes inequality, we know that the probability of estimation error is less than the ratio of the
variance of that random variable and the square of that estimation error, i.e.

P(X - E(X)|>a) < X

a2

On the other hand, estimation variance is lower bounded by the CRB. For ML estimation, estimation variance
asymptotically approaches its CRB, i.e., the smaller the CRB, the smaller estimate variance we can achieve
by ML estimation. And therefore, the less probability of the estimation error we might get. For example,
in reality, estimation error less than certain value, 8ays accepted. And we would like the probability of
estimation error bigger thaa is asymptotically upper bounded t@ﬁ—B. So, we would like to deploy the
sensor in an optimal way such that we can get the smallgg

To simplify the problem, let’'s assume the sensor gain and noise variance is same for each sensor. For single

target, we have

N 1 X 1
_ wr_ - b —HwT
B=r|D bl N LML (18)
=1 =1 d:f =1 ¢ =1 *
Where
L 45292
o2
Define:
oi-ro=| a |
Ay;
A A (19)
Y; =
Sl
N Az
=14t
Ly = [ Ayld—%Ayl Ayzd—%Ayz AyNd%AyN ]

Az, —Ax Axs—Ax Axny—Ax
Lx = [ 1d4 1 ng 2 .. Nd4 N :|

1 N



We have:
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From equation (22) and equation (23), we know thdB(%) — oo or CRB(f) — oo when either of the
following situation occurs: (i) whem — 0, (ii) when |Lx| — 0 or |Ly| — 0; and (iii) whend — 0. (i)
happens only ifS — 0. This will never happen as the localization is triggered only if there is target detection.
(iii) may occur whenLx « L+ . Following we will discuss the sensor placement for condition (ii) and (iii).

From (24) and (25), we know thaLx| or |Lv| goes to zero if, (1) all sensors are far from the source
since they are inverse to the sixth order of the distance between sensor and the source)of, {2 x;
goes to zero for all i.

When there is only one sensor close to the target, we can show thaLo#md Lx become zero vector,

When there are only two sensors close to the target,

1

Ly = diéll [ a4(Apy1 - Q2Apy2) Apyz - #Apyl 0 --- 0 }
1

Lx = g [ a4(Apx1 - a2ApI2) Apl’z - %Apfbl 0 -0 ]
1

Where we assume that sensor 1 and sensor 2 are close to the target and all other sensors are far away from
the target andv = j—;. Whena — 1, i.e., target sits between the middle of the nearest two sensors and others
are far from the target]., and L, becomes paralle’ RB — oo. Other possible sensor placement that may
causeLx and Ly becomes parallel is that all sensors are placed on the same line and the target is also on
that line.

To achieve better performance, we would like to get the sm&RB Therefore, we need to maximize
|ILy|, |[Lx| and setd = 90°.

When [Ly| and |Lx| are fixed, we get the minimum CRB f = 90°, i.e., Lx is orthogonal toLy. So,
we need< Lx,Lvy >=0, i.e.
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Fig. 1. Sensor Deployment, (a) dense sensor close to road, (b) dense sensor, (c) loose sensor located at two side, (d) loose sensor located
at one side

One way to satisfy (26) is to deploy the sensor around the source symmetrically both in X coordinates and
Y coordinates. So, the number of sensor we need is: K=4k, where k is integer.

When target is moving, it is hardly to gétx | L+ at each point in the region. However, we can deploy
the sensor uniformly and densely in the region so that at each point in the region, we can get the approximate
orthogonal condition ol.x andL~v. (Suppose the region is big enough, and we don't consider the boundary
of the region). When we know that the target is on the road, (26) is satisfied when the sensors are deployed
symmetrically at the two side of the road.

Another way to decrease the CRB is to incredse| and|Lx|. (25) and (24) show thgLy|? and |Lx |?
relates to the inverse of the sixth orderdf The smallerd;, the bigger of|Ly|?> and |Lx|?> we can get. To
get the smalletl;, we can deploy sensors densely in the region and use the sensor which have bigger received
energy to estimate the localizatfolWWhen the target is on the road, we can deploy the sensor closely to the
road.

From above analysis, we know that for single target source localization, the optimal sensor deployment that
minimizing CRB is to deploy the sensor uniformly and densely in the region. When the target is constraint
on the road, we can deploy the sensors symmetrically, densely and close to the road.

Simulations have been conducted to verify the theoretical analysis conclusion for the optimal sensor place-
ment that minimizing theCRB Four different sensor deployment are used to evaluate the CRB. Simulation
results are shown in Fig. 2 with the sensor deployment shown as Fig. 1. The results show that case 1 has
smaller CRB than that of case 2. This is because the sensor is closer to the road for case 1 than that for case
2. Case 3 has bigger CRB than that of case 2 because the sensors are looser for case 3 than that for case 2
with other conditions are same. Case 4 has bigger CRB than that of case 3 because for case 3, sensors are
symmetrically deployed at the both side of the road while in case 4, sensors are deployed at one side. These
simulation results are consistent with our theoretically analysis.

V. MAXIMUM INTERVAL BETWEEN SENSORSWHEN SENSORSARE UNIFORMLY DISTRIBUTED

Now let's assume sensors are uniformly distributed, we would like to calculate the maximum interval
between sensors when certain fault tolerance (confidence) are required.

Suppose sensors are deployed as Fig. 3, we pick the sensors that have the4kigikesived energy to
estimate the target location. Since sensors are symmetric around the target, from equation (19) and equation
(20), we know thatAy; and Az; are zero for alki. Therefore Lx and Ly are reduced to:

Ly = | 8% 2% ... Suv
Y dl d2 dN

Ly = | Bz1 Az . Azy
X = df dj dy

1By energy decay model, the sensors that receive the bigger energy are closer to the target, and therefore, haidg smaller



sum of CRB in X coordinate and Y coordinate, (CRB(x)+CRB(y))
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Fig. 2. CRB for different sensor deployment shown as Fig. 1
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Fig. 3. Uniformly distributed sensor field

In such case, X coordinate and Y coordinate are equivalent. In addition, for every estimation, the relative
distance matrix from the sensor to the target can be assumed to be sarfi 30;) andCRB(y) are equal
and keep constant for every estimation point. We would like

BIP (6.~ Blpa) | 2 )] < BI2g2)

CRBM < (1~ na) 27)

Wheren,, is the confidence level. Insert equation (22) into (27) and note@hat90° for the uniformly
distributed sensors, we have:
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Fig. 4. relation between maximum sensor interval and SNR, the confidence level
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where c is the maximum interval between the neighboring sensors. Then:
¢ < {4¢°(1 = na)a®| L |SNR '/ (30)
If we choose k=4, i.e., we use 16 sensors denoted as Fig. 3 to estimate the target, then

{Lx }1~a = {Lx }s8 = {Lx Jorr2 = {Lix }13~16
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Fig. 4 and Fig. 5 show the relation of maximum sensor interfS8AIR estimation error bound (a) and the
confidence levelf,) in the uniformly distributed sensor network. It shows that maximum sensor interval is
larger when SNR in the sensor network is larger, i.e., if the SNR is larger, we can deploy the sensor looser
while we can still satisfy the accepted estimation error bound (a) under certain confidence,lewsd also
notice that for fixedSNRand accepted estimation error bousadconfidence level increase a lot when we
deploy the sensor a little bit denser. This is because the sixth order relationship between the confidence level

. . . . - 1—na
and maximum sensor interval as denoted in equation (30). For example, flxmmen$ = {2—2}6,
@2

fix n, and SNR theng—; = {%}3. Therefore, performance enhancement over price addition (we need more
sensors for dense sensor field) is high.

VI. CONCLUSION
CRBhas been derived for energy based source localization problem. Based@RBiamalysis, we conclude
that the optimal sensor deployment for better performance of energy based acoustic source localization is:
1) Use dense sensor
2) Uniformly distributed in the region
When the target is constraint on the road, we can deploy the sensor symmetrical and densely and close to
the road. The limit of such case is to deploy the sensor uniformly and densely on the road. However, such
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Fig. 5. relation between maximum sensor interval and SNR, the estimation error bounds under certain confidence level

situation should be avoided as it meets the condition that all sensors are on the line with the target, which
will abrupt the CRB.

In general, we need at least two sensors close to the target to avoid the infiii®BoMWhen only two
sensors are close to the target, tBBB can also goes to infinite when the target sits on the middle of the
two closest sensors ( Assume others are far away from the target). To avoid this possibility, we need three
sensors close to the target. Deploying sensors on the straight line should also be avoided as it can cause the
CRBgoes to infinite when the source is on that line.

Maximum sensor interval is calculated to satisfy the estimation error bound under certain confidence level
when sensors are uniformly distributed. Sensors can be deployed looser iBNiRgnvironment. Overall, we
proved that deploying the sensors densely can get much high performance enhancement over price addition.
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