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Abstract—It is well-known that the motion of an acoustic  electromagnetic waves is many orders of magnitudes larger
source can be estimated from Doppler shift observations. lis  than the speed of most sources of practical interest (tlog“st
however not obvious how to design a sensor network to efficiél  and-go approximation”), see [5, pp. 97]. Disregarding the

motion model is proposed that is aimed at sensor networks Wit 54 source speed, however result in significant estimaias b
realistic numbers of sensor nodes. It is also described howot

efficiently solve the associated least squares optimizatigproblem The approximate retardation-free model can apparently be
by Gauss-Newton variable projection techniques, and how to parameterized with only two nonlinear parameters (instefad
initiate the numerical search from simple features extraced from three or four), for instance, an and ay coordinate on the
the observed frequency series. The methods are demonstrdten o rcq trajectory. This low parameter dimension facéiaan

real data by determining the distance to a passing propeller o, 5 istive grid search for the (least squares) minimumglwhi

driven aircraft and by localizing an all-terrain vehicle. It is ids oth ; bl tic | | mini This is el t
concluded that the processing components included are fdjr avoids otherwise problematic local minima. is is eleban

mature for practical implementations in sensor networks. demonstrated by [2]. By also using the frequency time deriva_
tive as a measurement, the grid search can be conducted i

only one dimension, see [6]. Actually, by disregarding the
retardation, an exact solution based on a deterministicetnod

The motion of a passing acoustic source can be estimateghd three frequency measurements can be found by cal@ulatin
from the observed Doppler shift, even by a single sensor. the roots of a third order polynomial, see [1].

I. INTRODUCTION

We consider an acoustic sensor network with one or more Another estimation technique is to match an observed
synchronized nodes with known positions. It is assumed thatequency series with a library of precomputed Dopplertshif
the Doppler frequency of a passing acoustic source can bgrofiles. This way, a complex retardation model may be
detected and measured by each sensor. It is further assumesked as a basis, and the estimation step can be implemente
that the source motion obeys a parameterized model. Wen a simple platform (wireless sensor) with computational
address the problem of identifying the model parameteos) fr  limitations, as showed by [4].
which the source trajectory is deduced. Specifically, theeca

with few sensors is in focus—say one, or perhaps three senso The validity of a retardation model has been demonstrated

rby having a single sensor estimating the distance to, aretispe
The problem of localizing moving acoustic sources basedf, a passing propeller-driven aircraft, see [3].

on Doppler shift observations has received fairly much at-

tention in the literature, especially in a period around .99

Still, there are aspects within the area that are not ewtire o : .
covered, and today it would be particularly interestingaive 02 this is to model the measured frequency difference (eceff
f the Doppler shift) among every sensor pair in the network.

:Jhaecligtrgher? é ;?L S?ﬁ ﬂ? g(lj:st“g elc:;);dpep Ioefragt]/:rr:g(ranrﬁgr?tn o:‘N J\Esetlg"%his rich set of measurements may then be informative enough
%0 identify more complex motion models, for instance bédis

sensor network technologies and new opportunities to shkve . : : .
associated numerical problems with state-of-the-artrittyns, ~ aJ€ctories, see [7]. Another (suboptimal) way to configtire
network is to have each sensor make a local estimate of the
A number of authors have considered the case with a singlpassage distance and speed, and then transmit the resalts to
sensor by which the source passage distance and assunfedion node that in turn aggregates the individual estimate
constant speed are estimated [1], [2], [3], [4]. It appearsto a more informative output in terms of global trajectory
however, that the estimation problem is inherently noriria  coordinates. This was demonstrated by [2] and later by [8].

the parameters, and a rather wide range of different nualeric There are manv reasons for keenina the number of Sensor:
approaches are proposed to pursue the, in various senses, y ping ‘

optimal estimate. Most commonly, the parameters are givema?mg?]t:ﬁt Crgggergzﬁé;;ﬁh (?osstguriﬁhtaé?ﬁq,sd;pg)e)ﬁgg:goig(
by minimizing some variation of a least squares criterion. X 9 ’ ’

with performance is an essential part of the sensor system
A complication in the acoustic case is thaardation; the  design that requires careful analysis. For instance, véatfea

effect that, when the sound reaches the sensors, the sasce las five Doppler sensors (with a non-degenerate geographica

already moved to a new position. In the radar case, thisteffedistribution) it is possible to uniquely and instantandpuke-

can usually be disregarded since the propagation speed of thermine the source position, see [9]. With multiple consigeu

There are also examples of sensor networks with multiple
|Sensors that use Doppler shift for source localization. A tea



observations, fewer sensors, perhaps three, suffices. observed frequency follows as the time derivative of theneps

The scientific contribution of this work includes two motion argument,
models for acoustic Doppler measurements. The first model yr(t) = hy(t) +e(t), (3a)
(the single sensor model) is however the same as in [4], hy(t) = f - (1 — ))’ (3b)

although derived under different assumptions. The second

model (the sensor network model) we have not seen elsewhefghere dot notation, f.(t)”, is used to denote time derivative.
The models explicitly account for the retardation effedt. | Consider for a moment the special case with strict radial
is described how the model parameters are efficiently idenmotion, z(¢) = vt. Then (1) is solved by.(t) = vt/(c + v),
tified by separable nonlinear least squares optimizatiod, a and.(t) = v/(c + v). In this special case, (3b) gives the
proposed how to initialize the numerical search. The modelg|assical expression for Doppler shift. The ere¢r) depends
are validated on aircraft passages and also demonstrat@d onon the signal-to-noise ratio (SNR) at the observer. Error
all-terrain vehicle. analysis and the exploitation of error characteristics ags

f ongoing research, an we aim to report interesting regults

The identification is formulated as a batch processin I
Hbllcatlons to come.

problem, which means that the source has more or less pass
the sensors before the parameters are estimated. Thisdblsui ] _ )
for implementation on lightweight platforms (wireless sen B. Single Sensor Linear Motion Model

nodes) in applications where a delay of a few seconds iS  ag gescribed, the estimation of the source motion is based
acceptable. An application could be a ground sensor network, narameterized motion models. How flexible these models
that from a limited set of alternatives decides which wayg e aj10wed to be, depends on the number of observers or
passing vehicles take. Another application is a sensor thalengors. For instance, with only a single sensor, the motion
can determine the distance to passing aircraft [3], [8] Ofig here restricted to constant speed along a straight lze, s
rockets [4]. Also passive sonar has been mentioned in thejq "1 Needless to say, violations to the model assumption
literature. Moreover, we presented a tracking applicafn 5y resylt in various levels of estimation error (bias).
multiple ground vehicles with a probability hypothesis sign
(PHD) filter using Doppler measurements in a acoustic sensor The unknown model parameters are the emitted frequency
network, see [10]. For more references on Doppler-based, the normalized speed, the passage distaneg and the
tracking we refer to that work. passage instarty. The model parameterization uses the nor-
malized speed = v/c and normalized distancé= d/c. The

The paper is organized as follows. Section II; Modelget of unknown parameters is collected in the vector
descriptions and general assumptions. Section Ill; Esiima

framework with initial estimate, separable least squaaes] 0= [ f o d tO]T_ 4
briefly about frequency estimation and sensor network dspec ] o . i )
Section 1V; Model evaluation on data from an aircraft and anFrom Fig. 1 it is evident that the source-target distance is

all-terrain vehicle. Section V; Conclusions and future kvor —
2(t) = A2+ (t —to)2v2 = cy/d? + (t — t9)%02  (5a)

[I.  SIGNAL MODEL and the solution to (1) gives the propagation delay with
The Doppler model is based on the source-obsgmaga- ~ 2ccOompanied time derivative as
gation delay, t.(t), which leads to a comprehensive description 2+ 02t —10)2 — d202 — v2(t — ¢
of the relation between source motion and observed Doppler t.(t) = V& + v 01) — v — v O), (5b)
shift, both in the time and frequency domain. By our defimitio -v
the propagation delay is with respect to the observed signal ; (t) = 1 v%(t —to) 2 (5¢)
y(t), and it is assumed that it satisfies =0 | R+ 02t — to)2 — d202 ’

te(t) = solyso{T = 22(t —7)}. (1) cf. [4].

Here, ¢ is the assumed known speed of sound aid) i :
is the source-observer distance. The solution (solupiliy ~C- Sensor Network Circular Motion Model

this equation depends on source motion (how the motion is \wjith a sensor network with three or more sensors, more

modeled). measurements are of course available, and a more flexible
(general) motion model where the source follows a circular
A. Doppler Model path with arbitrary radius may be proposed. The inversaigadi

. . . ) ) g = 1/r is one of the estimation parameters, ang 0 is thus
A moving sinusoidal source with constant frequentys  equivalent to the special case of motion along a straiglet lin
assumed to give the signal observation By assuming that the source and sensors are all restricted tc
the same plane, there are six unknown parameters,
y(t) = h(t) + e(t), (2a) P P

h(f') ~ COS[2ﬂf ’ (t - tc(t)) + (//)]7 (2b) 0= [f UV Qo Px Py g]T, (6)

wheree(t) is a background noise process afib the constant  where furthermorey, is the angle on the circular path and
phase. The relation of proportionalit emphasizes that the p, = [p, p,]7 is the position, both defined at the time
amplitude of the sinusoid is disregarded in this work. Thet = 0, see Fig. 2. The plane restriction may be suitable for



The distance and relative speed between the source arththe

Observed sensor have the forms
. frequency

froquoney ults 2i(t) = Ip(t) = sill (92)

f t)—s)TR t
(1) L(t) =v- (p(?) ﬁ)t j((-)‘O'i‘ gv)7 (9b)

d p(t) = si
= v where s; is the sensor coordinate. As with the straight line

CPA case, the propagation delay;(¢) is implicitly given by (1).
t=ty In contrast, however, it here appears difficult to expregét)

on a closed form, so it is proposed that a humerical solution
Fig. 1: Single sensor linear motion model. It is assumeds pursued using the Newton-Raphson method. Note first that
that the source, here illustrated by a car on a road, moves.i(t) = Lz(t) is an approximate solution that serves well to
along a straight line at constant spee@mitting a constant initialize the Newton-Raphson iterations. Define
frequencyf. At t = ty the source attains its closest point of
approach (CPA) with respect to the observer, for instanee th F(te) & 262 = 2°(t — te), (10)
microphone.z(t) is the source-observer distance. The object
is to determined and v by observing the Doppler variations Where the sensor index has been omitted to moderate the
in the received frequency; (t). notational complexity. The positive solution #(t.) = 0 is no
doubt equivalent to (1). The Newton-Raphson implementatio
would then be given by

te = £2(b), (11a)

t2¢% — 22(t — t.)
2tec? = 20(p(t — te) — s;) TR (o + (t — te)gv)

(11b)

Convergence to machine precision is typically attainedess|
than 10 iterations. Once given(t), the chain rule gives in
turn

Ly = 2= tc(t))t

= A=) (12)

Fig. 2: Sensor network circular motion model. It is assumed
that the source follows a circular trajectopyt) with radius  Assuming motion along a straight ling & 0) features a re-
r = 1/g, whereg is a model parameter that may take any valuegyced parameter space and also other possible simplifisatio
on the real axis. Model pa;ameters_ are also the initial ®Urcgach sensoican then be recast to the single sensor framework
locationpy = p(0) = [p= py|" and origin anglexy = a(0). where (5) gives the propagation delay on a closed form, which
in turn gives computational advantages. The details of/aeyi
d; andt, ; from (8) for this special case are however not given

the application of ground sensors for ground vehicle moni-here'

toring. Airborne sources would call for a three-dimensiona
model with eight parameters and minor model generalization
obvious to the practitioner. However, in this work we focus o

the plane model. Define for notational convenience the edtat The (unweighted) least squares estimate of (4) or (6) is
projection and orthogonal operator as generally expressed

o2 (o] m@e [0 @

IIl. L EAST SQUARESESTIMATION

n
sina cos o 0 = argmin Y [ys(t:) — hy(ti; )] (13)
By fundamental trigonometric arguments, the source looati =1

is then Here, a time discrete representation is used, where a set o

p(t) = po — L R(ag) + L R(ag + tgv). 8 i =1,2,...,n frequency measurements are given at distinct
®) 07y (a0) g (a0 +1gv) ®) time instancesi;. To our knowledge, (13) can for the current
Note that an equivalent form, although less intuitive, thatapplication only be solved by iterative numerical algarith

avoids potential numerical problems in the limjt — 0 It is, however, observed that (13) is not generally free from

(movement along straight line) is local minima, a fact that complicates the numerical appnoac
. tgu . tgu . . tgu significantly. In this section we propose both a robust ahiti
p(t) = po — to [COS A0S 57 SE 5 +smao SmeE ] estimate and review numerical algorithms tailored for the
SIL Gy SN =5~ SIIC 5= — COS (g SINC == nonlinear least squares problem at hand.



A. Initial Estimate

Robust initial parameter values are here proposed for the
single sensor model (5), which assumes motion along a ktraig
Initial values for the sensor network model are not
explicitly developed here, but it is proposed that the senso f0
network parameters (6) are fitted to a set of single sensor

line.

estimates as already described in [8], [2]. The linear nmotio
assumption may, if necessary, be enforced by seging 0.
http://www.vinnova.se/sv/Ansoka-och-rapportera/shingar/

"OF h(eoo) = 1,

Thus, assume the single sensor model (5) and define tiFeig. 3: Features extracted for the initial estimate for the

asymptotic frequencies as

fu= Jim 1= 8(0) = T (14a)
_ 5 ; _ [
fo= Jim F(1—4e®) = T3 (14b)
see Fig. 3. Then
fa ctv
Ja— [ I cw _
RN AR AN = (13)
Jat+fo 05f 05f  f
2 1-% 142 1-(2)F (16)

Also define the observed frequency derivative extremum
fo= mtin hy(t) = mtin —fte(t)
] fd2’l)2 7]:,02
min — ~

t c(t2v? 4 d2(1 —v2/c?))3/2 ed
with reference to (3b) and (5c¢). ., f», andf; can be directly
extracted fromy(t), for instance, as the mean of the first and
last few samples, and as the slope of a line fit arotgndhen

the following entities give a suboptimal parameter estértat
be used for initializing a numeric search;

17)

W=c- “;a jr ji:, (18a)
f() _ fo:—f;b’ (18b)
& = 7‘/:2}20)2 (18c)

A start solution forty could be obtained by extracting the zero
crossing ofy(t) — f9, for instance

n

> lys(t) — £ (18d)

T+1

d° T
tg = -——t mgXZ[yf(t) - f0-

t=1

The first termd” /c accounts for the propagation delay at the
closest point of approach (CPA).

B. Separable Least Squares

Since the unknown frequency paramefegnters the model
equation linearly { is separable), it can be replaced by its
implicit least squares solution, which reduces the paramet
dimension and facilitates a more efficient nonlinear optani
tion step. Reformulate (3a) as

ys(t) = hy(t;v)f + €(t) (19)

single sensor linear motion model. The key features are the
asymptotic frequenciedy, f», and the slope of the frequency
curve at the closest point of approadgtj,

or, on time discrete vector form as
Y; =Gf +E, (20)

where rows are time instances;)( G = G(v) € R",
and v € R? is the part off that enters the model equation
nonlinearly (all parameters but the frequengy, As before ¢
comprises the unknown parameters, for instance (4) or (6).
Given any hypothesis ow, the (unweighted) least squares
estimate off is

f=(GTa) G Yy, (21)
and inserted into (20) it gives
Yy =G(GTG)'GTY; + E. (22)

The least squares estimate of may now be pursued by
minimizing

11 = GGG GN)Yqll3. (23)

General optimization software can be used for this, foreinee
the Nelder-Mead minimization algorithm implemented in the
fminsearch function in MATLAB.

However, if efficiency is of any importance, attention
should instead be given the more specialized Gauss-Newton a
gorithm, which has well-documented merits as a least sguare
problem solver, see [11, pp. 259]. For the separable case a
hand, the forms of both the objective function and its Jaamobi
are, notably, different compared to the case with ordinary
nonlinear least squares. In [12] it is proposed that (23) is
(equivalently) formed as

1P(v)Yy 13, (24)

whereP = P(v) is orthogonal and spans exactly the nullspace
of G. P is computed by a QR factorization at each Gauss-
Newton step. In [12] it is also proposed how to compute the
Jacobiany = V(PY}) € R™*? required by the Gauss-Newton
algorithm. This variation of the algorithm is termedriable
projection (Varpro). In the special case at hand (with only one
separable parameter), the Jacobian is well approximated by

V(PY;) ~ —PVGG~Y;, (25)

where G~ is a symmetric generalized inverse 6f. This
computationally efficient approximation was proposed i8]{1
Computing VG in turn, is (in the application at hand) the



TABLE I: Comparison of computational efficiency between the 1 1iS Work is focused on the motion estimation step, and
Nelder-Mead (fminsearch in MATLAB) and Varpro (Gauss- 2" little ‘attention will here be given to the frequency
Newton) based on the processing of 28 aircraft passag t.'?g;‘"i% eAS _rr?ggtlon%?,t:]hee rf;equrﬁzgy 'ferisé'r:?at.ed 'rl‘
described in Section IV-A. The function tolerance is thepalg 20Nt tMe Windows W measur Signa
rithm stop criteria, namely the maximum iterative improearh The time windows in the current app"cii“on are typically
in objective function value. The numerical convergence isaround half a second and the raw sampling rate a few kHz.

comparable but the tailored Gauss-Newton is apparentiytabo >/'C€_the acoustic sources in this study are vehicles and
eight times faster. aircraft with revolving engines or propellers that typlgajive

periodic sound, the original model assumption is extendéd w

Func. | CPU time | CPU time | RMSE RMSE harmonic components,

Tol. Varpro Nelder-Mead | Varpro | Nelder-Mead

[HZ] [ms] [ms] [HZ] [HZ] k

102 1.0 8.0 0.23 0.23 y(t) = Z [Ay cos(2mry st + ¢r)] + e(t), (27)
1077 1.4 11 0.23 0.23 —1

wherek — 1 is the number of harmonicsl,, ¢,, andy; are

all unknown parameters, although is the only one used in
the proposed Doppler/motion models. The random ne{se

is assumed to be Gaussian and to have a uniform spectra
distribution up to the Nyquist frequency, and no power above
An assumption here is also that the frequency variationiwith

a time window is negligibley, is estimated by a separable
nonlinear least squares technique (similar to the one ithestr

most expensive part of the algorithm, regardless if it isedon
analytically or by finite differences. Consider, for exampl
the single sensor linear motion model (5¢) combined with (3
and with the approximation.(t) =~ z(t)/c. The ith row of
VG € R™ P, p being the number of nonlinear parameters, is
the vector with partial derivatives,

dhy —u(ti—to) (2d>+v> (ti—t0)?) in the preceding se_ction). Unde_r the a_ssu_mption (27), thstle
2z e(d+v2(ti—t0)?)?/2 squares estimate is also maximum likelihood, see [15]. We
VoGi= | 5 | = c(dzf:z((tt:::[?))z)z/z ,  (26) propose that the numerical search is initialized by
Ohy d?v? .
foto c(d2 02 (t;—t0)2)3/2 k

o o _ _ gj?(tl) = argmax Z Zwl|Fi(urj+l)|, (28)
which is far more complex than the objective function which fi<u;<f2,. 37

requires only little more computing than (5a). The many com-
putations needed at each step of the Gauss-Newton algorith
however pay off. To get an indication of the performance, . -
we compare the Nelder-Mead with the Varpro applied to 2¢¢ reauency window [y wo wn] = 0.5 1 0.5] has

aircraft passages, see Section IV-A. Varpro is implemeirted een used in the numerical experimenfg)and f, restrict the

MATLAB based on the description in [14], and Nelder-Mead iSsearch to the region where the fundamental frequency haws bee

the fminsearch in MATLAB. The mean CPU convergence timed€tected. For the benefit of certain real-time applicatiois
orth noting that the initial estlma@.g% is probably so good in

and the overall root mean square error is given in Table I. Fol” : .
this simple example, the specialized Varpro is about eigies average that the subsequent numerical search can be amittec

faster. Varpro typically converges in 3 to 5 iterations girthe ~ Oting the second search this way reduces the compugdtion
initial estimate described earlier), which takes aroundslom requirements by orders of magnitude. If this is the way chpse
a Dell Latitude E6410 laptop with an Intel Core i7 M620 CPy SOMe technique to increase the frequency resolution of the
at 2.67 GHz. This efficiency indicates in turn that it would be Fourier transform is recommended, zero padding for ingtanc
feasible to tailor the program for a lightweight platforrkdia Another suboptimal but fast method to estimate the funda-
wireless sensor network node. mental frequency of a harmonic series is given in [16], where
an initial estimate of separate sinusoids gives the fundéahe
o frequency on closed form. We however failed to make that
C. Frequency Estimation approach match the robustness of (28).

In this work, frequency estimation and motion estimation  An estimator that relies on multiple harmonic components
are separate processing steps. The frequency estimatiends s robust to a partial loss (or drop in the signal-to-noigeja
conducted in disjoint time windows centered around the timeyf the frequency spectrum, even to a temporary black-out of
instants of the frequency samplels, and is in essence a the fundamental component. Future investigations wilkkedif
preprocessing step prior to the motion estimation. Thestiivi  there are computationally efficient ways to combine the tseri
into separate steps is of course suboptimal; from estimatioof the harmonic estimator with an instantaneous frequesiiy e
theoretical point of view, it is probably better to test a ot mator, where the assumption on negligible frequency \ariat

hypothesis directly against the raw data, possibly in theeti within a time window is relieved, see for instance [17], [18]
domain. This one-step approach is however more complex andg] and the references therein.

it is left to future work to find out how to set it up. In the

frequency domain it is much easier to ignore an unknowrb Network Distributed Estimation

phase and also acoustic wave distortions. It is left to utur —°

work to find out. A drawback with the one-step approach is Although the estimation step proposed here is inherently
that it would be more difficult to distribute to sensor netlwor centralized, the preprocessing frequency estimation ciep
nodes, see the following section. without loss of performance, be decentralized to the sensor

ere F;(u;) is the discrete-time Fourier transform ¢fin
a time window centered &t and at the frequency;. w is



network nodes, provided of course that the nodes have suf-
ficient processing power. This reduces the required network
bandwidth by multiple orders of magnitude, since only the

estimated frequency then needs to be transmitted, not the ra

measurements.

110
100

90
Suboptimal approaches of distribution may be interesting

to study, although we will not pursue those here. For inganc
the bandwidth requirement could be even further reduced
by having each node running the proposed single sensor
algorithm, and send the locally estimated passage distance
speed and passage time to the fusion node. Then the fusion
node may, speculatively, traverse geo-temporal hypoth&se
make statements about the source trajectory, see [8], [2].

80

Frequency [Hz]

70

=20 =10 0 10 20

IV. NUMERICAL EXPERIMENTS Time [s]

Fig. 4. Acoustic spectrogram of the Mooney M20J passing
220 m from the sensor at 73 m/s. The white dashed line is the
A single microphone is deployed close to the ground. Afrequency according to the identified model (3) combinedhwit
Mooney M20J propeller-driven aircraft is flown back and fort (5). ¢ = 0 is the true passage time (closest point of approach)

in different directions nominally vertical above the miero according to the GNSS receiver.

phone. Various flight levels produce a data set with 28 p&ssag

distances in the range 120 through 800 m. The nominal speed
is 75 m/s. The aircraft carries a Topcon GRS-1 advanced bloba
navigation satellite system (GNSS) receiver using basmsta 6o
corrections, by which the aircraft is tracked with sub-mete fasbﬁ R .
accuracy. Also, synchronized audio recordings close to the or o

aircraft engine were conducted for reference purposes. The
background noise level and wind are moderate. The speed of
sound parameter is set to= 335 m/s. This data set is used

to evaluate the single sensor linear motion model.

A. Aircraft Localization

[m]

20

The frequency is estimated in disjoint 0.5 s square windows -20
using k — 1 = 3 harmonics. The sampling rate is (down-
sampled to) 2 kHz. The speedand closest point of approach —40 f
(d, tp) are computed from the GNSS receiver for compari-
son. The proposed initial estimate is used. The least sguare —60T e

optimization is executed by the Varpro Gauss-Newton method

Estimatoin Error

100 200 300 400 500 600 700 800
Fig. 4 shows a typical acoustic spectrogram for an aircraft Passage Distance, d [m]
passage 220 m from the microphone. The spectrogram isig. 5: Distance error versus distance for 28 passages of
focused on the fundamental frequency, over which the DcuppleMooney M20J aircraft.
frequency identified through the model (3) combined with (5)
is layed (white dashed line). By visual inspection, the niode
fits the measurement well.

The diagram in Fig. 5 gives the distance estimate errorsB ATV Localization

d — d, as a function of the passage distande,Table I Three microphones are deployed close to the ground (M1,
gives in turn the root mean square errors for all the estichateM2, M3). An all-terrain vehicle passes this microphone net-
parameters. The distance errors tend to increase withasece work, first on a straight path, then on a curved path. Also
passage distance, while this is not the case with the speethis vehicle carries the accurate GNSS receiver givingégi
Also the passage time estimate is stable, and surprisinglseference tracks. The nominal speed is 14 m/s. The speec
accurate. That the distance error is the parameter that & moof sound parameter is set t© = 335 m/s. This data set
prone to estimation errors is understood by the fact that it iis used to demonstrate the sensor network circular motion
basically identified by the frequency derivative, whichimrt ~ model. Unfortunately it does not contain enough data to make
is particularly susceptible to measurement noise. any statistical analysis of the results—this is left to fetu

experiments.
The model identification gives antmpated parameter es- P

timates. An mterestmg observation is that with the approx The frequency is estimated in disjoint 0.33 s square win-
mation ¢, = —z commonly used in radar equations (that is,dows usingk — 1 = 3 harmonics. The sampllng rate is
retardation d|sregarded) which is based on the assumptiqidown-sampled to) 2 kHz. An initial estimate is obtained by
v < ¢, the root mean square distance error increases fromombining parameter estimates from the single sensor mode
35to 39 m (11%). applied to each sensor using geometrical arguments. Asehefo



TABLE II: Root mean square estimation errors (RMSE) for 28

aircraft passages. The parameters are the passage digtance 880 r -
the speed, and the passage instant (closest point of approach)
to. The speed estimate is fairly independent of the passage 860 | -
distance. As seen in Fig. 5 this is not the case with the distan
error which appears to increase with distance. 840 | -
[ Parameter] d[m] | v [m/s] | to [S] | E 820 |-
[RMSE [ 3 | 1.2 [ 018 | =
S 800 |-
TABLE llI: True parameter values versus estimated for the al
terrain vehicle data set. The true values are the least agfiar 780 | -
to the GNSS reference track. RMSE is the value of the least
squares objective function for the true parameter, andHer t 760 } -
estimated parameter, respectively.
740 | -
v @ | pa Dy 1/g RMSE . . . . . . .
‘ [m/s] ‘ el m [ m | [m) ‘ [Hz] ‘ 200 220 240 260 280 300 320
Fig. 6, true 14.6 139 | 255 | 811 1925 0.27 East [m]
Fig. 6, estimated| 15.8 138 | 252 | 811 | -2018 0.14
Fig. 7, true 13.8 | 129 | 249 | 784 | 86 0.32 Fig. 6: Trajectory estimate of the all-terrain vehicle gsthe
Fig. 7, estimated| 14.8 132 | 252 | 786 85 0.27

sensor network circular motion model (8); straight tragegt
M1, M2, M3 are the microphone positions. The estimate is

the least squares optimization is executed using the Varpr%Ompared to the ground truth.

Gauss-Newton method.

Fig. 6 and 7 give a visual comparison between estimated
trajectory and reference track for the straight and curved 8so |- : AR
passage, respectively. A numeric comparison of parameter - — Truth

values is given in Table III. o ‘ : ‘ == Estimated

The parameter errors are possibly acceptable, but yet
significant. The errors are derived to rather large noiséén t 840 |-
frequency measurements, see Fig. 8. Itis noted that thesdata
is not ideal, since there are significant fluctuations in thgiree

frequency that may be interpreted as measurement noise. sor

North [m]

C. Summary of Experimental Results soo
The impression of the aircraft experiment is that the esti- 780 |-
mation errors are reasonably low, which would be an indicati
of model validity. The errors are also comparable to the
experimental error levels found in [3]. The observed inseca
in estimation error (bias) when disregarding the retactati
effect further indicates that this approximation shouldused East [m]

cautiously. The all-terrain vehicle experiment is, due tte t Fig. 7: Trajectory estimate of the all-terrain vehicle wsthe
little data set, more a demonstration than it is a statisticasensor network circular motion model (8); curved trajegtor

validation. Anyway, it indicates that the sensor networkdelo M1, M2, M3 are the microphone positions. The estimate is
holds, and that it would be worth wile to collect more data forcompared to the ground truth.

a thorough evaluation.

760 -

220 240 260 280 300 320 340

V. CONCLUSION
) o ) which demonstrates that at least a local optimum can be react
Two motion models for localization of acoustic sourcesyithin a few milliseconds using an office laptop from 2009.
based on observed Doppler shift have been described. Th@so a robust initial estimate is proposed that uses a fevplgim
models are accurate in the sense that they fully account fGgatyres from the observed frequency series. A frequency
sensor and assumes constant source speed along a straigB§cribed. Some brief notes on algorithm network distidout

line. The second model uses multiple sensors in a sens@fe also given. The models have been demonstrated on rez

of-the-art nonlinear least squares estimator based onssaus
Newton variable projection techniques has been described, The conclusion is that the models give accurate estimates
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49
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-3 -2 -1 0 1 2 3 4
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Fig. 8: Frequency estimates used as input to the model
identification in Fig. 7. The fundamental source frequency
is apparently around 50 Hz. The Doppler shift is clearly (9]
manifested, although the noise level is high with respect to
the shift.
[10]

provided that the assumptions hold (constant speed and con-
stant emitted frequency), and that there are computational
efficient estimators that make the algorithm practicallgful
possibly even on lightweight platforms such as sensor nétwo
nodes. The techniques involved are fairly mature for pcatti
implementations in a sensor network.

[11]

[12]

Future work will include analytical and simulated error [13]
analysis, acquisition of more data for evaluation, and also
investigation of efficient instantaneous frequency estioneof ;4
harmonic frequency components.
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