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ABSTRACT

In order for the information provided by networks of unattended ground sensors (UGS) to be of use to the
tactical planner, the location of each sensor must be obtained. Sensor localization is typicaly achieved by
careful hand-emplacement, or facilitated by anchor nodes whose positions are precisaly known. This
paper describes a new sensor node implementation designed to meet the growing need for UGS networks
that can self-localize without the use of anchor nodes in a GPS-denied environment. The Position and
Orientation for Digtributed Sensors (PODIS) application facilitates traditiona threat identification and
tracking by self-localizing a network of senor nodes. The PODIS node hardware consists of aCOTS
acoustic signal processor, a four e ement microphone array and alow power, networked radio for remote
sensing with multi-hop routing capability. PODIS utilizes amessaging protocol that facilitates system
calibration. While the PODIS application is independent of the ranging medium, the prototype network is
implemented using time of arrival estimates of acoustic ranging signals. In this paper we describe the
applicability of electronically generated pseudonoise calibration signals. We describe a two-step
localization procedure that partitions the network calibration into relative and absolute solutions. We
describe the typical anchor nodes as a specia case of aimpoints, prior location information about a subset
of nodes with associated uncertainty. We first compute relative node locations and orientations using time
and direction of arrival estimates, then use aimpoint information provided by the user at deployment to
rotate and trandate the network onto an absolute frame of reference. We provide a simple channel model
to exercise the system in the smulation domain, with results for self-localizing networks of various
geometries and levels of connectivity. Finally, simulations of typical network deployments predict the
PODIS locdlization accuracy.
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1. Introduction

The reliance on GPS, anchor nodes, and hand emplacement for locating nodes is a shortcoming of the
typical unattended ground sensor (UGS) CONOPS. This knowledge is unavailable at times due to the
deployment mode or hostile operating environment. PODIS is aimed at satisfying the military’s
immediate need for a self-localizing sensor network. This paper represents the first implementation based
on the self-localization research reported in [2-5]. The work is significant in that it addresses the critical
and immediate need of forces on the ground to detect and localize threats such as sniper fire, armored
vehicles and enemy combatants. Sdf-calibrating sensor networks also show promise in many commercia
applications such as ocean search and rescue, disaster recovery, distributed sensing of large public areas
for homeland security, and smart buildings.

The PODIS system is comprised of a network of UGS nodes, each containing adigital signal processor
(DSP), networked radio, four microphones, and a loudspeaker. After the UGS have been deployed, with
little or no prior information about their position, the central information processor (CIP) that controls the
network initiates a self-localization calibration. Each node on the network then broadcasts an acoustic
pseudonoise (PN) sequence while the other nodes receive the signal and compute atime of arrival (TOA)
and possibly a direction of arrival (DOA) estimate from the received signal. The estimates are then sent
back to the CIP which performs the self-localization a gorithm computations. The result of the calibration
is arelative and absolute position estimate. The relative estimate refers to the position relative to other
nodes in the network, while absolute refers to the position estimate relative to a known reference.

The PODIS program applies a new body of theoretical development to a sensor radio platform that is
currently entering production. The purpose of the program is to demonstrate a self-calibrating acoustic
sensor network. Each node on the network is equipped with a microphone array, a small, low-cost signa
processor and a networked sensor radio. In section two we describe deployment scenarios of PODIS
sensors, the networking protocol, and generalize the concept of aimpoints vs. anchor nodes. In section
three we present the self-localization incorporating aimpoints. Section four describes acoustic ranging
methods using PN sequences and the results from our outdoor propagation experiments.

2. PODIS Concept of Operations
2.1. Deployment Scenarios

For the tactical planner, PODIS can be an invaluable tool operating under awide set of deployment
scenarios. The PODIS network enables source localization and tracking applications by automatically
sdf-localizing sensors within a sensing network. In this section we introduce several nomina scenariosin
simulation describing the operation and accuracy of the PODIS acoustic locdlization application. In al
cases, ranging measurements are taken from a Gaussian process with a 0.3 m standard deviation.

Roadside deployment: In this scenario, 24 sensors are deployed in a 60 m square area around a road
intersection. At deployment time, the user emits a calibration signal at nine locations along the road. At
severa locations, the user logs a GPS measurement in order to calibrate the system in absolute lat-long
coordinates. We assume the GPS readings are accurate to within +/- 3 m. Figure 1 illustrates that PODIS
calibrates the network to an average error of 31 cm. We also find that reducing the number of GPS
measurements to three or two does not significantly affect the localization in this scenario.
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Figure 1: Roadside network in a 60 m x 60 m area with 24 nodes. Four nodes are equipped with GPS
and used as aimpoints giving alocalization accuracy of 31 cm.
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Figure 2: Perimeter network in 2100 m x 100 m area with 20 sensors and four internal anchor sources. (L eft) With

calibration sources solely on the network interior, dilution of precision limits the location accuracy to 3.3 m.
(Right) When sensors are colocated with sources or ranging actuators, the localization accuracy improvesto 36 cm.

Perimeter deployment: A second scenario shown in Figure 2 illustrates a perimeter sensing network
with 20 sensors and four interior anchor nodes with known position. In the first example, all sensors
calibrate based on measurements from sources on the interior of the perimeter. The narrow range of
angles of arrival of the calibration signals at each node results in a high dilution of precision in the
localization estimates, with an average error of 3.3 m. Supposing that each sensor in the network were
equipped not only with sensing capability, but also with the ability to transmit its own calibration signal,
we arrive at the network shown in Figure 3. Here we assume that the acoustic connectivity is limited to 70
m, S0 the network is not fully connected, but each sensor sees more calibration sources from a wider
distribution of angles. Though the amount of prior information remains unchanged, the improved dilution
of precision yields an average localization error of 36 cm.
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Figure 3: Rooftop network in a400 m x 400 m area with 20 nodes sparsely deployed each with
sensor and source. The network hasthree GPS nodes at three of the four corners that function as
aimpoints giving alocalization error of 86 cm.

Rooftop deployment: In this scenario we expand the scene and reduce the sensor connectivity to test the
effects of amore sparsely connected network. We assume that sensor connectivity islimited to 160 m,
and that three nodes with 4 m GPS capability occupy three of the four corners for an absolute calibration.
In this case, the average absolute position error is 86 cm.

2.2. Sensor Networking Protocol

After the nodes have been deployed, the CIP uses networked radios for network discovery utilizing
CSMA for channel access. TheCIP createsatable of al the nodes in the network, and then asks each
node to broadcast its calibration signal. Every node is equipped with a four element microphone array that
is used to detect the presence of acalibration signal A TOA estimate is then made preceding the DOA
estimate. Other nodes listen and report to the CIP if the signal was received. If the signal was received
then the TOA and DOA estimate is transmitted back to the CIP.

In the event that no node hears another node’ sPN calibration sgnal, the CIP will ask the node in question
to retransmit the calibration signal three more times. If no other node receives the calibration signal after
three transmissions the measurement will be dropped from the self-localization agorithm.

Erroneous measurements impact the self-localization solution of the entire network, not just the node in
error. Identifying and discarding erroneous measurements improves the network self-localization solution.
Erroneous measurements occur most often in low SNR environments, particularly as SNR approaches the
threshold SNR given in [10].

Another method under investigation to add reliability to the TOA and DOA estimates takes advantage of
the microphone array geometry. The distance from the center microphone to a microphone on the edge of
the star configuration is known and imposes an upper bound on the difference between TOA estimates. If
adifferential TOA measurement exceeds this bound then an error flag is set for that microphone, with a
maximum of three error flags per node possible. The number of error flags set for a particular node is
returned to the CIP for analysis. Asin the previous case, up to three transmissions occur in order to
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eliminate any error flags present; if after three attempts error flags are present, a confidence metric may
be assigned to the node indicating the reliability of the data to be used in the localization estimate.

2.3. Aimpoints vs. Anchor Nodes

Most sensor self-localization approaches assume that a subset of the nodes have known location (and
possibly aso known orientation). Such nodes are usually referred to as anchor nodes or beacon nodes.
Anchor nodes are obtained by careful hand emplacement or by equipping afew specia nodes with GPS
systems. The anchor nodes are typically assumed to have exactly known locations. In practice, of course,
it israrely possible to provide exact locations, emplacement errors or GPS location errors are always
present.

For the PODI S system, we take an alternate approach by assuming that a subset of nodes have uncertain
prior location information associated with them. We refer to this prior information as node aimpoints. The
aimpoints can arise from a prior measurement of location, as provided by a person who hand-emplaces
the node or by a GPS location estimate. Alternately, the prior location information could be an ampoint
from an air drop deployment or from a munition-based emplacement system such as VVolcano. In any

case, the prior information is characterized by a nominal location of the sensor and by a location
uncertainty. We model the prior uncertainty as a bivariate Gaussian quantity.

The aimpoint approach generalizes the idea of anchor nodes in away that provides gresat flexibility in
applications. If anchor nodes with known locations are available, they can be considered as special cases
in the aimpoint approach as nodes with very low uncertainty in the ampoint. For other casesin which
there is uncertainty in the prior knowledge of certain node locations, the uncertainty is quantified and can
be addressed in the localization procedure in a statistically rigorous manner. Finally, the aimpoint
approach handles correlated errors, for example, aimpoint errors due to wind might be correlated across
sensors, and this correlation can be readily encoded in the prior statistical information as described in
Section 3 below.

3. Network Multilateration

The goal of network multilateration is to estimate the locations and orientations of sensor nodes, and to
quantify the location and orientation uncertainty of the resulting estimates. Information available to us
includes limited and uncertain prior information along with calibration measurements. The calibration
measurements are estimates of the range and direction to neighboring sensors derived from TOA and
DOA estimates of calibration signals.

Our solution to the multilateration problem involves defining a statistical model that incorporates both
prior information and calibration measurements, then estimating sensor |locations and orientations using a
maximum a pogteriori probability (MAP) estimator. A detailed derivation of the algorithm and its
statistical properties is described in [3—4]; here we summarize the main points and specialize the more
genera agorithms there to the PODI S application. We encode aimpoint information as a prior probability
density function (pdf) of a subset of the node locations. The calibration measurements provide additiona
information on the node locations and orientations, which is modeled as a posterior pdf. Our estimate of
the node locations and orientations are at the maximum on this posterior pdf.
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A mathematical problem statement and solution is formulated as follows. Assume we have aset of A
sensorsin a plane, each with unknown location {r, =(x, ¥ )}, and unknown orientation angle g, with
respect to areference direction (e.g., North). Define the parameter vector

a =X, Y5,0h X0 YarGalT  (BA” D) (1)

Prior Information: A subset of sensorsand sources are assumed to have prior information about their
locations or orientations, e.g., from GPS-equipped sensors or (uncertain) sensor emplacement aimpoints.

We quantify this uncertain prior information using a probability density function f,(a) . We
assume f,(a) is Gaussian distributed with known mean and covariance, so

f,@)=N(@,,S,) 2

wherea, and S, are given; however, other prior pdfs can also be used. In this case, a, encodes the
aimpoints and S, encodes the aimpoint uncertainty.

If there is no prior information on a parameter, the corresponding row and column of S;* is zero; if a
parameter is known with certainty, it is encoded with zero (or very small) variancein S, .

Calibration Measurements: Each sensor emits an acoustic calibration signal at time t;. We assume that
sensor i, if it detects source j, obtains an estimate of the (TOA) t; measured with respect to atime base
established across the sensor network using the RF communication link, along with an estimate its DOA
with respect to the sensor’slocal reference frame. Let H be the set of (i, ) pairs for which calibration
measurements are available, and let N be the size of H. Let X be the 2N” 1 vector of TOA measurements T
and DOA measurements Q:

_évec(T) ,
“aef MY 9
The actud TOA and DOA of sourcesignal | at sensor i can be computed from a as
ty @)=t +[r- rific 4)
fi@)=q +b(r, 7)) ©)

respectively, | x| isthe Euclidean norm, B(x,h) isthe angle between the points x,hT R?, and ¢ isthe
(known) signal propagation velocity.

Each element of X has measurement uncertainty modeled as
X=ma)+E (6)

wherem(a) isthe vector of actual TOA and DOA vaues given by equations (7) and (8), and where E is

a zero mean random vector. If we adopt a Gaussian measurement error model then the pdf of X for a
particular value of a is

fy(x]a)=N(m@),Sy) (1)
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whereS, isaknown covariance matrix.

The self-calibration problem, then, is: Given the measurement vector X, measurement error pdf f, (x|a),
and prior information pdf fo(a), estimatea.

3.1. Maximum A Posteriori Calibration Algorithms

We consider a as arandom vector with prior probability density function f;(a) . The measurement
vector X informsus about a as quantified by the posterior probability f (a | X) . From Bayes rule,

f(ﬂ@:% (8)

We choose as our estimate the maximum a posteriori estimate, which is the value of a that maximizes
the posterior probability density of a :

a =argmax f (a | X) =argmax f (X |a) f(a) 9
For the case of Gaussian pdfs in equations (5)—(10), equation (12) becomes
d = argmin[X - m@)[" S/[X - m@)]+[a - a,]'S;'[a - a,] (10)

Equation (10) givesthe MAP estimate of a when both measurements and prior information are
available. Its solution involves solving a nonlinear least squares (NLLS) problem, and a number of
standard software and a gorithms are available to compute the solution.

The solution to (10) requires obtaining an initial estimate of a. Our approach is as follows: first, we
compute an initial estimate of a with respect to any one sensor. Assume Sensor 1 islocated at the origin
and oriented at g, = 0°. From the DOA and TOA of any neighbor node i whose signal was detected by
Sensor 1, we can compute an initial location of Sensor i. The orientation of Sensor i can be computed
from the DOA estimate g, if it is available. We proceed similarly using neighbors of these initiaized
sensors, averaging location or orientation initial estimates in cases where nodes have two or more aready-
initialized neighbors. We continue until all sensor locations and orientations are initialized. This gives an
initial localization with respect to Sensor 1. Finally, we rotate and trandate dl network estimates to best
align with the prior aimpoint information, asillustrated in Figure 4.
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Figure 4. Relative calibration combined with prior aimpoint information provides an
absolute calibration of the sensor nodes.

3.2. Location and Orientation Accuracy

For the case of Gaussian prior information, the covariance of the MAP estimate & is given by (see [3] for
aderivation)

Elld - alld- al'§* [ +1,]" (11)

where |, isthe Fisher information matrix of a due to calibration measurements, and is given by

I :E{[Na In fX(X;a)][NaIan(X;a)]T}. (12)

An interpretation of the above result is as follows. Since the prior information and the measurement
information are independent, the information matrix for a isthe sum of the individual information

matrices. The Fisher information matrix for the Gaussian prior with covariancesj is S,'. The Fisher

information from the measurementsis |, . We note that equation (14) involves an expectation over both
the random variablea and the random measurement errors.

In many applications the uncertainty in relative calibration obtained from the calibration measurementsiis
much lower than the absolute location uncertainty provided by the aimpoints. In this case, asis shown in
[3], the MAP agorithm is approximated by one in which relative calibration is computed from X
measurements only, followed by trandation and rotation of this solution to alocation most consistent with
the prior information (see Figure 5). This results in a computational simplification in solving (13). In this
case, the prior information plays arole only in the rotation-trandation step. If some prior information
uncertainty is on the order of calibration uncertainty, then the prior information plays arole in both the
relative and absolute calibration components.
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Figure 5: The PODIS position estimate includes a 2-sigma uncertainty ellipse, providing
an upper bound on 86% of the localization estimates. This bound is afunction of network
Size, connectivity and measurement variance. The PODI S calibration is independent of
the measurement medium used for ranging. The pointsin the right plot are severa
position estimates over time.

3.3. Network Density and Geometry Considerations

In this section we summarize some of the important design considerations in network density and network
geometry to ensure accurate self-localization.

Of primary importance is a network sensor density high enough so that a sufficient number of sensors can
detect transmitted signals and accurately estimate the TOA and DOA of these signals. Each sensor must
receive at least two signas from neighbors in order for calibration to succeed. Moreover, recent studies on
network density effects [6-7] have shown that localization accuracy improves substantially as the
network density increases to approximately six neighbors per node; after that point, localization accuracy
increases modestly. The maximum distance between neighbors depends on transmit power, environment
noise, and propagation considerations, some of which are discussed below and in [1].

In addition, resultsin [6-7] suggest a number of other geometric considerations. First, distance and angle
measurements exhibit similar trends in localization error with varying network density. The error when
angle-only measurements are used is much higher than when distance measurements are used, for
uncertainties typical of acoustic array processing. Network localization appears to be scalable since error
propagation is very slow and since localization accuracy appears to be relatively insensitive to increases
in the number of anchor nodes or aimpoints. Finaly , when the ampoint uncertainty is high, most location
error is an overal trandation and rotation error of the entire network, meaning that nodes may be
accurately located relative to each other if not to an absolute frame of reference.
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4.  Acoustic Propagation Results

4.1. A Simple Channel Model

We developed afirst order channel modd to predict the effects of atmospheric loss do to the propagation
of noise. In order to simulate and evauate candidate signal processing algorithms under a variety of
environmenta conditions, an acoustic propagation model was applied. We selected the model described
below based on a survey of current acoustic propagation literature and our own outdoor measurements.
The three main components of the model are spherical radiation, atmospheric absorption, and ground
interactions.

Spherical radiation accounts for the smplest component of the model and refersto the Lr lossinthe
sound pressure of a point source due to the radia dilution of sound intensity. The actual lossin sound
pressure level (SPL), however, is greater than that predicted by spherical radiation aone.

Atmospheric absorption represents the dissipative effects of the atmosphere on the SPL and consists of
two major sources. thermal conduction and viscosity of air, and relaxation losses of oxygen and nitrogen
moleculesin air. Unlike spherical radiation, atmospheric absorption is frequency dependent. For
temperature T in Kelvins and pressure P in Pascals, the absorption coefficient in dB per meter is given by

_ ) 2101325 oo
a =8.686xf 1/29315%?[84 1082 829315g I+ bz]_ (13)

whereb; and b, are given by

_ 0.1068>exp( - 335%)
= .

fl’,N+f

r,N

0.01275 ><exp( 2239, }/ )
by = 2

fr,O + f

(14)

r,0

f, nand f, o are the relaxation frequencies of nitrogen and oxygen and can be computed from expressions
in [11] with knowledge of the pressure, temperature, and molar concentration of water vapor —which can
be derived from the relative humidity. The effects of atmospheric absorption have been codified into an
international standard, ANSI Standard S1-26:1995.

Finally, because the sensor nodes are expected to be deployed near the ground, we must take into account
ground interactions. These can be significant when either the source or receiver is near the ground
surface. Ground interactions account for both absorption by the ground and reflections from the ground
that can be received either constructively or destructively at the receiver. Ground interactions are a
function of the locations of the source and receiver relative to the ground and each other, the speed of
sound, the frequency of the sound, and the type of ground: dirt, grass, asphalt, etc.

Mathematically, ground interactions can be represented by the complex pressure amplitude at the receiver

(8,
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Sexp(jkr,) _ Sexp(jkr,)
P = L+ . (15)
1 2
Thefirst term in (18) represents the contribution of the direct ray from the source of distance r, away. The
second term represents the component that has been reflected off of the ground, with total reflected path
lengthr,. Here Q is the spherical-wave reflection coefficient, given by

o= %:; e aeqkioeXp(Jkn/r +H(z+2,+ j0)°) &, 15

exp(Jlgr)g) pg Z g \/r +(z+2z +jo)°

where

r,=yr* +(z+2) (17)

_pf

is the speed of sound, z

and z are the height of the receiver and source, rseqoectively, and r isthe distance between source and
receiver. Different ground surfaces are characterized by their flow resistivity s, which isused in the
calculation of the complex ground impedance

s 60.75 P 60.73
7=1+005112.2 +i00768Z. 90 | (18)
€ty §f gy

The upper limit on the integration in (19) is given by

| (22+22)
= S 19
O Z (19)

r

where Z and Z are the real and imaginary parts of Z, and | is the wavelength of the sound.

Based on our survey of outdoor acoustic propagation literature and comparison with our field
measurements (see next section), we believe the three-component propagation model presented above
will suit our modeling needs for Phase |. The limitation of this model is that it does not account for
inhomogeneities in the atmosphere, such as temperature and wind gradients. These gradients cause a
gradient in the speed of sound, which in turn results in refraction of propagating acoustic pressure waves
due to Snell’ s law. Hence, this scenario is typically referred to as atmospheric refraction.

Although we have el ected not to adopt the full sophistication of an atmospheric refraction model, we will
be able to model the effects of a constant wind via an effective sound speed approximation. In[8],
Salomons derives the following approximation to the speed of sound:

Ceqr =CHU, (20)

where ¢ is the effective speed of sound, c is the adiabatic speed of sound, and u is the component of the
wind velocity in the direction of sound propagation. The approximation is valid in situations where the
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sound wave travels with relatively low elevation angles. Because all PODIS nodes are expected to be
placed at nearly the same height, this approximation is valid in the PODIS environment. In the PODIS
system simulation, we model a uniform wind component according to [9].

4.2. Acoustic Ranging Experiments

The PODI'S acoustic ranging function uses PN seguences to enable precise estimates of TOA. Their
unique correlation properties are well suited for TOA estimates in the noisy environments where PODIS
isintended to operate. We investigated several methods of performing the TOA correlation during PODIS
development, and we performed outdoor experiments to test our hypotheses and the possibility of
achieving good acoustic TOA estimates for PODI S localization.

The team devel oped a suite of outdoor propagation experiments to build upon data previously published
in [1], validate the smple channel model presented above, assess the utility of low-cost audio components
for generating and processing calibration signals, and characterize various signal sources for TOA
estimation. An array of eight microphones was set up outside the Nova offices. Eleven different data sets
were collected in different physical configurations with the same 230 PN sequences for each set. The PN
sequences ranged in duration from 0.1 to ten seconds, the center frequencies varied from 100 Hz to 8
kHz, and the bandwidths varied from 25 Hz to 9600 Hz where applicable. Different configurations
resulted from moving the loudspeaker in 12 m increments away from and around the array in both linear
and circular configurations.
(algrrelatnrAttenuatian Compared to Theoretical Attenuation - Fe=1600, BW=2400
; 1/r predicted loss

20 T ................. 1/t + atmospheric predicted loss u
: — — 1/r + atmospheric + ground predicted loss
l S, S —— —HE— Measured loss

Loss dB

0 i i | | | |
0 50 100 140 200 250 300 3580
Mic Distance from Emitter (feet)

Figure 6. The experimental and model predicted propagation losses for this calibration
sequence show good agreement.

Figure 6 shows the experimental data compared to our channel model presented in the preceding section.
The Ur loss does not accurately predict the loss experienced in the channel nor does the 1/r loss with the

amospheric loss as seenin Figure 6. When al three components are included in the mode it accurately
predicts the loss experienced in the channel.
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One result we found was that cross-correlating the received PN sequence againgt a locally stored copy
resulted in a poor quality output with high peak ambiguity, presumably because of channd effects not
accounted for. We then stored as the local correlation base a reference signa that was recorded in an
openair, but benign, acoustic environment. The performance in this case was much improved, but the
need for aranging method that is robust to channel effects motivated the investigation of what we call
"differential correlation,” atechnique inspired by an element of some synchronization schemesin wireless
communications. With this technique the calibration sequence is transmitted twice, and the received

signal is smply correlated against a delayed version of itself. Assuming stationarity over the correlation
window, any channel effects would affect both halves equally. This method is effectively the zero-lag
autocorrelation function as the incoming signal dides through the window; hence, in a noiseless channe,
the correlator output is a triangle function. Results using al three correlation methods are shown in Figure
5. In each case, the transmitted signd is the same, and the correlation is performed in MATLAB using a
different method.

Cross-correlation againest unaltered Tx signal

Magnitude
=

| | 1 | | | |
0 1000 2000 3000 4000 5000 6000 7ooa 8000
Sample Index

Cross-carrelation againest calibration signal
1 1 1 1 1 1 1 1

Magnitude
=

1 1 1 1 1 1 1
] 1000 2000 3000 4000 5000 6000 000 2000
Sample Index
Differential Correlation

| | 1 | | | |
0 1000 2000 3000 4000 5000 G000 7000 8000
Sample Index

Magnitude
=

Figure 7: A comparison of the three different correlation methods with Fc=800 Hz.
BW=600Hz. and T=0.2s. The cross-correlation of areceived signa (top) with an ided
reference signa shows peak ambiguity, while correlating with a prerecorded reference signal
(middle) provided improved results. The differential correlation (bottom) produces a
triangular output, but in low SNR conditions becomes peak-ambiguous, too.

In field experiments we generated and detected signals using these three correlation methods. Clearly the
top casein Figure 5 fails to provide areliable TOA estimate, even in high SNR. In the second case, the
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correlation shows three peaks because the received differential signal was cross-correlated against a
reference differential signal. For the case illustrated, correlating against a prerecorded version of the

calibration signal performed as well as the differential correlation. However, in general the performance
of differential correlation was impaired due to its high off-pesk correlation response.
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Figure 8. Monte Carlo smulation showing the performance of cross-correlation and
differential correlation with a calibration signal center frequency of 1200Hz, 1200Hz
bandwidth, and duration of 0.1s.

The differential correlation can accommodate networks with nodes comprised of different hardware
making the algorithm easily transplantable. The differential method has a performance penalty associated
with it when compared to cross-correlation. The variance of the estimate using the differential correlation
peak is greater than the variance of the estimate using either cross-correlation method because the output
of the differential correlation is proportiond to the lag position. Figure 8 compares the performance of the
differential correlation to the cross-correlation in terms of the probability of incorrectly picking the TOA
at agiven SNR.
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Figure 9: (Top) The plot on the left shows the threshold coherence as determined by equation
(38) in [16]. The plot on the right shows the threshold SNR. For each metric we present two cases
from the measured daia, one that does not satisfy the threshold, and one that does. (Bottom) The
correlation peaks corresponding to the two test cases.

Two conditions for time delay estimation (TDE) are the coherence threshold [16] and SNR threshold [15].
The lower right plot in Figure 9 shows the output of a cross correlation with both the coherence threshold
and SNR threshold conditions are satisfied. If the threshold conditions are not satisfied a peak ambiguity
problem occurs [1,15]. The lower I€ft plot in Figure 9 shows the output of a cross correlation when both
the coherence threshold and SNR threshold are not met and the peak ambiguity problem presents itself.

5.  Conclusions
We have given a brief system overview of the PODIS network and the enabling algorithms. The aimpoint
approach was presented as away that generaizes the idea of anchor nodes that provides great flexibility
in applications. We have also presented the results of our outdoor propagation experiments that built upon
data previoudy published in [1], validated our simple channel model, and assed the utility of low-cost
audio components for generating and processing calibration signals. We found that the best correlation
method for the PODIS network is the cross-correlation method with a reference signal that was recorded
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in an opertair, but benign, acoustic environment. Our data shows that the peak ambiguity problem does
not present itself when the coherence threshold and SNR threshold are exceeded.
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