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Abstract

It is well-known that the motion of an acoustic source candigr@ted from Doppler shift observations. It is however aiwtious
how to design a sensor network to efficiently deliver the liaation service. In this work a rather simplistic motion dab is
proposed that is aimed at sensor networks with realistichaumof sensor nodes. It is also described how to efficientiyesthe
associated least squares optimization problem by GausgeNev/ariable projection techniques, and how to initiate tlkmerical
search from simple features extracted from the observegiémcy series. The methods are evaluated by Monte Carldagions
and demonstrated on real data by localizing an all-terralricke. It is concluded that the processing componentsidied are
fairly mature for practical implementations in sensor reks.
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1. Introduction

The motion of a passing acoustic source can be estimatediiabserved Doppler shift. We consider an acoustic

sensor network with two or more synchronized nodes with knpwsitions. It is assumed that the Doppler frequency

of a passing acoustic source can be detected and measuradbsensor. Itis further assumed that the source motion

obeys a parameterized model. We address the problem offidegtthe model parameters, from which the source

trajectory is deduced.

The problem of localizing moving acoustic sources based @ppl®er shift observations has received fairly much

attention in the literature, especially during a periodusieh 1990. Still, there are aspects within the area that are

not entirely covered, and today it would be particularlyeneisting to revive the interest for the acoustic Doppler

phenomenon with the background of both the last decade a&raebs in wireless sensor network technologies and

new opportunities to solve the associated numerical pnoblgith state-of-the-art algorithms.

A number of authors have considered the case with a singkosday which the source passage distance and

assumed constant speed are estimated [1-4]. It appearsyéigthat the estimation problem is inherently nonlinear
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in the parameters, and a rather wide range of different nicaleapproaches are proposed to pursue the, in various
senses, optimal estimate. Most commonly, the parameteigiven by minimizing some variation of a least squares
criterion.

A complication in the acoustic case is thetardation the effect that, when the sound reaches the sensors, the
source has already moved to a new position, see [5]. To avyidndsunderstanding regarding our terminology, note
that the retardation effect is unrelated to any source Wglogtardation. It is the phenomena that follow from retid
signals; signals that are delayed due to finite propagagieed. In the radar case, this effect can usually be disredard
since the propagation speed of the electromagnetic waveany orders of magnitudes larger than the speed of most
sources of practical interest (the “stop-and-go approtomd), see [6, pp. 97]. Disregarding the retardation in the
acoustic case may, depending on geometry and source spaexldr result in significant estimation bias.

The approximate retardation-free model can be parameteridath only two nonlinear parameters (instead of
three or four), for instance, anand ay coordinate on the source trajectory. This low parameteedsion facilitates
an exhaustive grid search for the (least squares) minimurighaavoids otherwise problematic local minima. This
is elegantly demonstrated by [2]. By also using the frequeime derivative as a measurement, the grid search
can be conducted in only one dimension, see [7]. Actuallydisyegarding the retardation, an exact solution based
on a deterministic model and three frequency measuremantbe found by calculating the roots of a third order
polynomial, see [1].

Another estimation technique is to match an observed freguseries with a library of precomputed Doppler shift
profiles. This way, a complex retardation model may be usedkssis, and the estimation step can be implemented
on a simple platform (wireless sensor) with computatiomaithtions, as showed by [4].

The validity of a retardation model has been demonstratelabling a single sensor estimating the distance to,
and speed of, a passing propeller-driven aircraft, see [3].

There are also examples of sensor networks with multipleasrihat use Doppler shift for source localization. A
way to do this is to model the measured frequency differeinaefiect of the Doppler shift) among every sensor pair in
the network. This rich set of measurements may then be irdtiveenough to identify more complex motion models,
for instance ballistic trajectories, see [8]. Another (@ptimal) way to configure the network is to have each sensor
make a local estimate of the passage distance and speedheanttansmit the results to a fusion node that in turn
aggregates the individual estimates to a more informatiipud in terms of global trajectory coordinates. This was
demonstrated by [2] and later by [9]. If the state of the seus@ priori known at some instant, Doppler based source
tracking can be accomplished by calculating a frequeneyairfactor between pairs of distributed microphones. This
technique is proposed in [10], where the authors demoestiadraft tracking with a network of seven microphones.
The aircraft state may then be assumed known at take-oftiehtdlown by means of ground control cameras.

There are many reasons for keeping the number of sensorseifwam moderate, such as purchase, deployment,
and maintenance costs. Balancing costs, in terms of seasat,avith performance is an essential part of the sensor

system design that requires careful analysis. For instavitteas few as five Doppler sensors (with a non-degenerate
2
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geographical distribution) it is possible to uniquely anstantaneously determine the source position, see [11].

The scientific contribution of this work includes the an#@yaf a new circular motion model for acoustic Doppler
measurements that accounts for acoustic propagationsddtag not sensitive to retardation effects since the propa
gation delay is explicitly modeled. The model is more geherdlexible than the frequently proposed linear motion
models, but also more complex to identify. Most models inliteeature referenced above are based on linear motion.
We have also studied linear models to confirm the resultsriéeavorks and to investigate how these can be extended
to sensor network settings. Parts of these studies we pellis [12], but since the linear motion is just a special case
of the model we propose here, we have however chosen notltmlanthese studies in this paper. The linear models
are not appropriate at all for the non-linear motion useth@rtumerical experiments.

The estimator will here be developed as the solution to & ksares problem which is pursued by numerical
minimization. However, the objective function is not geadgr convex. Particularly, when an acoustic source is
observed for only a few seconds by a limited number of serggmegating at low signal-to-noise ratio, it is challenging
to find a robust initialization that yields a successful miization. We recently proposed the new model in [12]. The
news in this work is 1) a robust solution to the initializatiproblem and 2) error analysis which is based on extensive
Monte Carlo simulations.

The identification is formulated as a batch processing prabwhich means that the source has more or less
passed the sensors before the parameters are estimateds Shitable for implementation on lightweight platforms
(wireless sensor nodes) in applications where a delay affaéeonds is acceptable. This does not necessarily restrict
the method to off-line uses. All on-line system solutiorsiarfact associated with various degrees of response delays
attributable to processing time, transmission time andosthf The point is that the proposed method could very
well be used in on-line systems, but may not be the best chiwisg#uations where the response delay is critical.
An application could be a ground sensor network that fronmétdid set of alternatives decides which way passing
vehicles take. Another application is a sensor that carréte the trajectory of passing aircraft [3, 9, 10] or rocket
[4]. Also passive sonar has been mentioned in the literatitereover, we presented a tracking application for
multiple ground vehicles with a probability hypothesis sign(PHD) filter using Doppler measurements in a acoustic
sensor network, see [13]. For more references on Dopplegebtaacking we refer to that work.

The paper is organized as follows. Next, in Section 2, thienasion problem is formalized and modeled, and the
general assumptions made are described. Then a method:terdffi initialize the resulting optimization problem is
detailed Section 3, followed by a tailored Gauss-Newtorhmeto solve the estimation problem in Section 4. Sec-
tion 5 then briefly discusses implications in the contextesfsor networks, before the suggested method is validated,
in Section 6, using both Monte Carlo simulations and expenits on real data from an all-terrain vehicle. Finally,

conclusions are provided in Section 7.



D. Lindgren, G. Hendeby, and F. Gustafsson / Signal Prongs30 (2014) 1-17 4

2. Signal Model

The Doppler model is based on the source-obsguu@pagation delayA(t), which leads to a comprehensive
description of the relation between source motion and eesdDoppler shift, both in the time and frequency domain.
By our definition, the propagation delay is with respect todbserved signal or observer time frame, and it is assumed
that it satisfies

At) £ SOlF(r) = 0, whereF () = 7 - Irt-1), (1)

cf.[5]. Here,cis the assumed known speed of sound igtids the source-observer distance. The solution (solybilit
of this equation depends on source motion (how the motionodeted). It is further assumed that a single moving
target emits an acoustic signal (engine noise) with cohdtanunknown frequency. The target approaches our
sensor network from afar, passes through or at some disbamehe network, and then departs. Our sensor network
hasM > 2 synchronized microphones with known locatiens = 1, 2, ..., M. Sensoi detects the signal, tracks the

observed frequency, and produces the Doppler frequencgureraent
yil®) = f - (L-A(t:6,9)) + &(b), (2)

whereg(t) is a Gaussian process with constant spectral density ugltéhie sampling frequencg—, and no energy
above. Dot notation,&(t)”, is used to denote time derivative. The motion gives risa Doppler shift that is modeled
by A(t; 9, ), whered comprises the unknown parameters of the target motion. Tidtgem in focus is to identify the

target motion by solving the least squares (LS) problem
~ . . . - 2
0 = arg mmmfmZ(yi(JT)— f-(l—A(jT;H,S))) . 3)
6 0

As mentioned in the introduction, this is a batch formulatid the problem, which means that measurements from
the whole passage is collected before attempting to idetit& motion.

Consider for a moment the special case with strict radialonot(t) = vt, v being the constant source speed. Then
(1) is solved byA(t) = vt/(c + V), andA(t) = v/(c + V). In this special casHf, - (1 - A(jT; 0, s)) gives the classical
expression for Doppler shift.

Not all acoustic sources are easily casted to the ideal idalsassumed here. It is, however, somewhat out of
scope to detail how this preprocessing step should be peefthin general in this paper. Instead, the experimental sec-
tion demonstrates one possible way to approach this stegmfall-terrain vehicle with a harmonic acoustic spectrum,

see Figure 6.

2.1. The Circular Motion Model

The estimation of the source motion is based on the paraizedamotion model(t; 6, 5), which is a mapping
from the motion parametérto propagation delay, given the sensor location. The mas@ssumed to be circular

with unknown radius. Of course, this model does not allowttrget to move around freely, but considered as a
4
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method that identifies the motion of sources that tempgrpeks during a few seconds, it is believed to be general
enough for many of the applications earlier mentioned. Tihaukar target path is described by the functipft),
which in turn is a function of the rotation angi€t). The unknown parameters are; the signal frequehagarget
speedv, initial headingay = a(0), initial positionpy = p(0), and inverse radiug, see Figure 1. By choosing the
inverseradiusZ, the parameterization is smooth around the straight lineamoA parameter transition from convex
curvature, over straight line to concave curvature can bpaed without discontinuities. This choice facilitates

efficient numerical search for optimal parameter values.
[Figure 1 about here.]

By assuming that the source and sensors are all restrictibe tground plane, there are no more than six unknown

parameters; (nuisancé€)and the five sought motion parameters
T

0=V ao Pox Poy {| - (4)
The plane restriction may be suitable for the applicatiogrofund sensors for ground vehicle monitoring, in which
case moderate altitude variations do not contribute sanifly to the estimation error. Airborne sources, on theoth
hand, would call for a three-dimensional model with eightpaeters and minor model generalizations that should be
trivial to the practitioner. However, in this work we focus the plane model. Define for notational convenience the

rotated unit vector and orthogonal operator as

A |cosa A |—sina
Ro)=| | Rla= : ()
sina cosa

By fundamental trigonometric arguments, the source loodt then
P(t) = Po — 2R(ao) + R(ap + LV). (6)

Note that an equivalent form, although less intuitive, tinatids potential numerical problems in the lingit— 0
(movement along straight line) is

cosap sin e’ sincy + sinag sinctev
p(t) = po - tv . , (7)
A/
2

sinag sin’ sinc’ — cosag sinctev

where sinax £ lim, _,, % The distance and relative speed between the source aitt gensor have the forms

() = V(p(t) - $)T(p(t) - S), (8a)
~(p(t) = 5)TR. (a0 + V)

NECEDECOEE
The propagation delax(t; 8, 5) is implicitly given by (1). Even though the motion model asmlurce location are

) =v (8Db)

given on closed form, all attempts to obtain a closed fornresgion forA(t; 9, 5) have failed. Therefore we propose

solving the propagation delay numerically using the Nevetamethod, see [14, pp. 58] for details. Note first that

A(t; 6, 5) ~ Lri(t) 9)
5
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is an approximate solution that is obtained by ignoring #tandation, that is, the stop-and-go approximation reterr
to in the introduction. As long as the speed of the sourcensiderably lower than that of sound, this is a fairly good
approximation. Even though the error is not always nedlgithe approximation has proved to serve well to initialize

the Newton iterations. The implementation of Newton’s noeltto solve (1) is given by

AO = 1r(t), (10a)
Ak+D) Z AR F(A®)
F(a®)
K Ky _ 2 K
_ AW cAWr(t — AW) — r2(t — AW) (10b)

cr(t — A®) + v(p(t - A) - §)"Ry (a0 + (t - AW)Lv)
The progress of the algorithm can be monitored by evalu&{@d?), which should decrease in each iteration. In our
experiments, convergence to machine precision is typgiedtiained after as few as two iterations which indicates tha
the Newton iterations are well behaved for this problem. &gigenA(t; 0, 5), the chain rule gives in turn

ri(t—A(t; 6, s))
c+ri(t—At6.s))

At;0.5) = SLr(t- At 6,s)) = (11)

The stop-and-go approximatia(t; 6, s) ~ %ri(t) basically means that the Newton iterations are omittedotier,
rougher model simplification is of course to disregard thmuatic propagation delay altogether. Simulations wiktat

show the impact of these approximations.

3. Initial Estimate

To our knowledge, (3) can for the current application onlysbésed by iterative numerical algorithms. 1t is,
however, observed that (3) is generally not free from subggtiocal minima, a fact that complicates the numerical
approach significantly and makes the initial estimate aroimamt issue. The initial estimat®) proposed here is

derived in three steps:

(i) extract basic signal features;
(ii) solve an initial LS problem; and

(iii) transform the initial parameter estimageo 6©.

The idea with a different model for the initialization is ®lax the coupling between the sensors and solve an estima-
tion problem that is almost on the individual-sensor lev@he could compare it to the extreme, where there would
be as many models and parameter vectors as there are saftbotsgh we do not take it that far. Instead, the relaxed
problem is formulated in a way that the source frequehcpeeds, and radius 1/ are common to all sensors, while
the closest point of approach, as identified by the passatendied; and passage time (both constants), are indi-

vidual, see Figure 1. The parametrizatiorjrandx; is used, instead of other alternatives, as it allows for &oieft
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solution to the initalization problem, as outlined belovheTobviously over-parameterized motion parameter vector
is then
¢=[V g dl K1 ... dM KM | » (12)

and the initial model defined by

i) = f- (1At ) + & (0), (13)

whereg; = |f v ¢ d Ki] is used to simplify the notation. Basically the solutionhe tnitial problem
- 3 ) - 2
¢ =arg minmin Z(yi(t) - f-(1-A(; ¢i))) (14)
¢ it

is pursued here. Compared to the original LS problem, thiptdblem is much easier to initialize. Here it will
be outlined how to initializey; based on four signal featurek,(, fui, l1i, I2;) that are computed with a few simple
operations ory;(t) for each sensor (step (i)). Typically, this feature exticacgives rise to a number of initial estimate
candidates to be explored. If the measurements are partiguoisy, the robustness of the initial estimates can be
improved by at least partially solving (14) (step (ii)). Blly in step (iii) of the initialization, (12) is adapted td)(in

LS-sense, and the LS-residuals at this step indicate wiaicHidates to test in the final estimation round.

3.1. Simplified Model for Initialization

Assume that > 0, d; # O (the trajectory does not pass through the sensor), andfimtibe d; > —%, see Figure 1.
These assumptions are made to avoid singularities and aitibigin the coming derivation. The singular case when
the source passes exactly through the sensor is here assarbedf limited interest. To derivA(t; ¢;), let the

Cartesian source and fix, relative, sensor coordinatesrbaufated as

Pt = ZR(VY), (15)
wi = (3 + d)R(VKi), (16)

respectively. This is distinct from the earlier parametation in that the source-sensor angle depends indiviguall
onk; instead of collectively omyg. Furthermore, at this stage the knowledge of the sensotigosj is disregarded.
Instead the relative sensor coordinatgsdepend solely on the value of the parameter vector. The saacsor

distance follows as

() = V(p(t) - $)T(p(t) - ) (17)

2t - k)AL + di) sinG(V(t - ki)
B 1+ cogve(t - &)

+d?

and the derivative as
(1+ di)(t — xi)V? sinaVZ (t — «i))
ri(t) '

The stop-and-go approximatiadt; ¢) ~ %ri(t) is certainly good for an initial estimate and the combioativith (18)

(18)

Fi(t) =

and (11) immediately gives the sougttt; ¢)).
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3.2. Step (i), Extract Basic Signal Features

For the special cagh > 0,¢ > 0 (the sensor is placed outside the circular motion circuenfee), distinct extrema

of fj(t) are attained when

cogv(t — ki) = Tldg (19)

is satisfied, at which instants the motion is directly tovezavay from the sensor. This can either be derived geomet-
rically, or by setting the derivative of (18) to zero, andwia) the so obtained equation analytically. This yields the

extreme values

maxf - (1 A(t; ¢)) = (20a)

_ M
Cc

minf - (1- At ¢1)) = (20b)

1+ M7

[
The frequency extrema are apparent in the example M3 of €ig(&). On the other hand, fdr< 0 and/ > 0 (sensor

placed inside the circular motion circumference), the isexkfrequency extremes are attained when
coqVg(t — i) = 1+ dif (21)

is satisfied, which can be deduced by analyzing the geomefplace or again by taking the derivative of (18) and

setting it to zero and look for solutions. For these solugjdhe extreme values are

f
1-8+dg)
S
1+ Y1 +dg)

maxf - (1~ A(t; 1)) = (22a)

minf - (1- At ¢1)) = (22b)

which conforms with the intuition that the Doppler shift deases as the sensor approaches the center of the tar-
get motion, see the example M1 and M2 of Figure 3(a). Provitiatlthe Doppler shift is observed sufficiently
long time before and after the passage instantk;, the signal feature,; = max yi(t) ~ max f - (1 - A(t; ¢i)) and

fp; = minyi(t) ~ min, f - (1 - A(t; ¢i)) approximate these extremes rather well and can be obtaiitledery simple

computational means. Then, fdr> 0,

f A f .

v _ a,i b,i
¢ f&i + fb,i ’ (238)

fai + foi
= (1- ()=, (23b)
and ford; < 0

f A f .

A M _ a,i b,i
(1+dd) ot o’ (24a)

foi + foi

f=(1-(@+ dig)‘—Z‘)z)%. (24b)

8



D. Lindgren, G. Hendeby, and F. Gustafsson / Signal Prongs30 (2014) 1-17 9

In both cases,

f ~ %(fa,i + fb,i)- (25)
Apparently, fy; and f,; are both simple and informative signal features, and morthede can be extracted at the
passage instaiit= « whenyi(xj) ~ f - (1 - A(Ki;¢i)) ~ f. Note that the second derivativgx;) = —%(1 + dif)
identifies the slope of the frequency curve at the passage,
d . fo
S (1= AGo))| g = LFik). (26)
dt t="2

The entity%“ here accounts for the acoustic propagation delay from stgeent of approach ta;. A simple line fit,

min > (1) - 11 - lo;t)%, (27)
t

[ERRPY
to a few frequency measurements (at least coarsely) agso@iih the passage is found to be a rather robust approach

to find the slope ak;, which thus identifies (26). Typically four or five consegatineasurements are suitable for

this line fit, selected symmetrically around the zero crogsify;(t) — f. Put together,

T (28a)
= f(%

_f-ly i

=t (28b)

Basically all identities above also hold for the linear matcase/ = 0, although then there will be no distinct
frequency extrema; maximum and minimum are then formaliaeed by supremum and infimum, but can still be
approximated by the maximum and minimum valuegt) in practice. A more serious implication ¢f= 0 is
that the sign ofd; becomes unobservable. To deal with this, a set of initiaitsmis with permuted signs may be
considered. When later exposing these candidate solutidhe knowledge of the sensor locations, these ambiguities
may be resolved. The sign @f which apparently is not observed at this stage, is deduaed or less automatically
when later transforming to 6.

Above is outlined how the featurds;, fyi, l1;, andl,; relate tod;, «;, f, £, andv. In the multisensor perspective,
each sensor contributes to the equation system, where #rowns aref and the elements af. Logic has to be
implemented to organize the solving efficiently, and as ineetd, more than a few candidate solutions may need to
be considered. However, with two or more sensors presetiit avieast one circumscribed},< 0 andZ > 0, there are
at least as many equations as there are unknowns, and a golgtien is thus enabled. If the Doppler shif§ (- f,;)
varies among the sensors, this is a certain indication liimid the state of matter. If no such variation is preseety th
there are two hypothesis to exploit. Eithgkr< O or d; > O for each sensor. In neither casean be deduced from
the proposed features, and one would have to resort to deneitéal estimates based on guessing the valug(&dr
instance, 1/ € {100,200 ...,6400.)
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3.3. Step (ii), Solve Initial LS problem

By at least approximately solving (14), the initial estimas refined in a way that improves the optimization

success rate for high noise levels. A few iterations of a gemgtimization program is appropriate.

3.4. Step (iii), Transforrg to §©

¢ is apparently computed without using the knowledge of thessecoordinatess is rather a hypothesis of
where the sensors are relative an equally hypothetic tangéion and this hypothesis is based only on available
measurements, on the other hand, primarily specifies the motion, and do&s absolute coordinates independently
of the sensor positions. If the hypothesis is valid, theistexn affine transform that maps the hypothetical pogstion
wi, to the real,s, and this may then also be applied to transform the hypatlatotion coordinates to absolute,
which givesd. If no such transform exists, or if the best possible tramafstill gives a large residual error, then the
hypothesis should be rejected, possibly in favor for sorherdtypothesis.

The hypothetical coordinatesy, are given byg from (15) and the affine transformatigA, b} is required to
minimize the LS residual

M
V(A ) = lIAw + b -3, (29)
i=1

under the orthonormal constraiAf A = |. ComputingA andb is a problem with a well-know solution efficiently

obtained with a singular value decomposition (SVD), seé fdi5the details. Then
T
Po = A[% 0] +b, (30a)
ao = atanfy2, A1 1), (30b)

where atan(-) is the quadrant compensated arctangent. If the SVD pratihheemirrored solution, then dat= -1

and the sign o anda need to be changed accordingly.

4, Tailored Gauss-Newton

Since the unknown frequency parametegnters the model equation linearliy is separable), it can be replaced
by its implicit least squares solution, which reduces thypeeter dimension and facilitates a more efficient nontinea

optimization step. Formulate (2) on time discrete vectomfas
Y=1-G() +E, (31)

where rows are sample instanc&,~= G(0) € R". Note that measurements from all sensors are stack¥d $o
the dimensiom sums all measurements from all sensors, that is, all tern(®)inGiven any hypothesis of) the
(unweighted) least squares estimatd a$
f=G'6)'G"Y, (32)
10
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and inserted into (31) it gives

Y=G(G'G)!G"Y+E. (33)

The least squares estimategahay now be pursued by minimizing
6 = argmi|(1 - G(G"G)'GT)Y||> (34)
2

General optimization software can be used for this, foainse the Nelder-Mead minimization algorithm implemented
in thef m nsear ch function in MATLAB.

However, if efficiency is of any importance, attention stibinmistead be given the more specialized Gauss-Newton
algorithm, which has well-documented merits as a leastregyaroblem solver, see [16, pp. 259]. For the separable
case at hand, the forms of both the objective function andait®bian are, notably, different compared to the case

with ordinary nonlinear least squares. In [17] it is propb#eat (34) is equivalently reformulated as
6 = arg min||P(6) |13, (35)
6

whereP = P(6) is orthogonal and spans exactly the nullspac&ofP is computed by a QR factorization at each
Gauss-Newton step. In [17] it is also proposed how to comthgelacobiad = V(PY) € R™P required by the
Gauss-Newton algorithm. This variation of the algorithnieisnedvariable projection(Varpro). In the special case

at hand (with only one separable parameter), the Jacobiaeligpproximated by
V(PY) ~ -PVGG'Y, (36)

whereG' is a symmetric generalized inverse®f This computationally efficient approximation was prombge

[18]. A step in the algorithm updates the estimate as
ok = gl _ (KTK)IKTPY, (37)

whereK = —PVGG'Y. ComputingvG € R™® is (in the application at hand) the most expensive part ofitherithm,
regardless if it is done analytically or by finite differesc@he many computations needed at each step of the Gauss-

Newton algorithm however pay off, see [12].

4.1. Notes on Computational Complexity

The amount of computations needed depends on the antitipaige level and also on requirements on optimiza-
tion success rate. Since the objective function is not comvgeneral, it is not possible to guarantee that the (ogjima
solution is found. Of course, with negligible noise, evea Hasic features extracted in Step (i) in Section 3.2, Sec-
tion 3, (converted in Step (iii) in Section 3.4), would probagive sufficient accuracy and to a very low computational
cost. Also at moderate noise levels, Step (ii) in SectiorcarBbe skipped, although the final Gauss-Newton will make
a significant improvement. Still, the computations takeaation of a second to complete (running MATLAB on an

office laptop). At higher noise levels, it becomes increglsihazardous to dismiss initial hypothesis at an earlyestag
11
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and even if all proposed hypotheses are tested through thleeBtimation step, there may still be a few percent of
the realizations that result in failure. In this work we haviritized robustness, so all hypotheses are pursuedtto th
full before selecting the one with least residual. This sakaughly five seconds. In a practical implementation one
would probably estimate the current noise level to be abiedderate the complexity and simultaneously deliver the

required success rate.

5. Network Distributed Estimation

Although the estimation step proposed here is inherenthirabzed, there are natural ways to distribute the
computations to the local sensor nodes in a way that saveslidih, provided the nodes have the processing ability
required. If frequency detection and tracking modules &&iduted, for instance, only frequency estimates ataiath
low rate need to be propagated. An eight bit frequency upskatétwice a second (say) requires 16 bps bandwidth
per target and sensor, plus minor detection overhead.

Suboptimal approaches of distribution may be interestingttidy, although we will not pursue them here. For
instance, the bandwidth requirement could be even furtbdnged by having each node running a single sensor

algorithm similar to the initial estimate previously debed, and only send a few parameter estimates.

6. Numerical Experiments

6.1. Monte Carlo Simulation

Two scenarios are designed for testing the proposed moddl&mestimator via Monte Carlo (MC) simulations,
and later via real world experiments; one with motion raditis= 85 m, and one with & = 2km. The same target
speedy = 14 m/s, and microphone configuration are used in both saenage Figure 2. The received frequency is
measured twice a second during 20 s. The MC noise levels asenlwith respect tb = 100 Hz. If, for instance, the
equivalent performance &t= 200 Hz is sought, the used noise levels need to be multiplieédd. Figure 3 illustrates
the ideal, normalized frequency curves, and also an exaafpieise perturbation with the 100 Hz equivalent level
o =05Hz.

[Figure 2 about here.]
[Figure 3 about here.]

For each noise level, 4000 realizations are used to testrtdpoped algorithm; first the initial estimate then followed
by the tailored Gauss-Newton iterations. The iterationp sthen the relative objective function improvement from
one iteration to the next falls below 10 To indicate whether the optimization is successful, aetgiant estimate

initialized by the true parameter is produced for referenifethe clairvoyant residual is smaller than that of the

estimate, the realization is counted as a failure. Otherthie estimate contributes to the root mean square error
12
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(RMSE) statistics that are presented as results. Sinceiosétize robustness here, as many as eight initial hyp@athes

are always evaluated full before selecting one that miresithe residual.

6.2. Results, Monte Carlo Simulation

The resulting RMSE for the motion parameters as a functiothefoise leveb- is given in Figure 4, and the
fraction of optimization (or rather initialization) faitas is given in Table 1. No significant estimation biases are
detected. In Figure 4 also the Cramér-Rao Lower Bound (CRie® [19]) are plotted for comparison. Note that
CRLB is throughout this work presented in terms of standardations (std), not variance. Apparently, the algorithm
is numerically efficient up te- ~ 0.5 (atf = 100Hz). Foro- > 0.5 the parameter RMSE departs significantly from
the CRLB, particularly for the speed)(@nd initial position fp) estimates in the /& = 85 m scenario. From Table 1 it
is seen that the initial estimate degrades rather gragefith increased noise level. Apparently, the motion cuivat

(1/¢ = 85 m) makes the initialization more sensitive to noise.
[Figure 4 about here.]
[Table 1 about here.]

Although more subtle, the computational efficiency lim# {ar as the two scenarios studied are concerned) is probably
also in the intervadr = 0.5 througho- = 1. Higher noise levels obviously mean more frequent in##dlon failures,

but also more difficult to early dismiss initial candidatbg,for instance (29), simply because any model mismatch
is dominated by noise. More hypothesis testing with an &sireg share of numerically pathological cases, leads to

drastic increase in computational requirements.

6.2.1. Model Simplifications

When using the stop-and-go approximatitft) ~ %r(t) (disregarding the retardation effect), a small relative
degradation is noticed in MC simulations at the lower no&sels, which should have little practical implication in
the studied case. It howeveanhave a more attenuated negative effect in degeneratedrsemsue constellations,
where the solution is sensitive. On the other hand, disodgathe acoustic propagation delay altogether will result
in a noticeable bias. In Figure 5, 4000 MC simulations on thgiteal model is compared to ditto on a model that
ignores the delay, and some half meter bias is then appdrease model simplifications have rather limited positive
effect on the solution time. The main benefit is most likelgtth simplified set of equations is more manageable with

respect to coding and memory use on restricted low-levéfigrtas.
[Figure 5 about here.]

[Figure 6 about here.]
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6.3. ATV Localization Data Set

Real data from an all-terrain vehicle (ATV) is recorded witle same two setups as in the simulated scenarios
described previously. The measurements are describedail ithe[20]. A single track for each scenario is used to
prove the concept. The acoustic sampling rate is 2 kHz ampliénecy estimates are taken twice a second in discrete
time windows. The ATV engine sound is characterized by a &dumehtal frequency at approximately 50 Hz with
distinct harmonics. The sound pressure is estimated to ®dB SPL and the background noise level to be 58 dB SPL
in the utilized frequency range 30—-1000Hz. Sensors aregyfsynchronized, and sensor positions are known to
the decimeter. ATV ground truth reference tracks are measwith an accurate receiver for the global navigation
satellite system (GNSS). The horizontal error including eaceiver displacement is appreciated to be at the level of

im.

6.3.1. Frequency Estimation

In this work, frequency estimation and motion estimatioa separate processing steps, where we have so far
entirely focused on the latter. How the frequency estinmaiicapproached in practice depends on the source charac-
teristics. Here a brief description is given how we prochsesXTV sound.

Sources like ATVs, motorcycles, and propeller driven aifcoften have a distinct harmonic structure, a fact that
is utilized in this numerical experiment. The spectrogramthe ATV sound is given in Figure 6 as an illustration.
The ATV apparently have spectral components in a rather Wietpuency range 50-350Hz, which may give the
estimation robustness, while each individual harmonic ponent is rather narrow band, which facilitates efficient
processing based on finding peaks in a periodogram.

The frequency estimation is conducted in 25% overlappingiang time windows that are centered around the
time instants of the frequency samplg$, Let F;(¢q) be the discrete-time Fourier transform of windgywith
indexed frequency,. The sensor indeiis here omitted. The frequency measurement is now given by

Mh

Y(T) = argmaxy” " wilFj(¢qn)l (38)
|

fi<@q<fz h=1

wherew is a smoothing frequency window,
|:W,1 Wo Wl] = [05 1 0.5] .

fy and f; restrict the search to the region where the fundamentaliérecy has been detected; is the number of
harmonics including the fundamental frequency. This feeguy measurement thus relies on multiple harmonic com-
ponentsyyg, ¢, - - - , ¢nyg, Which makes it robust to partial losses (or drop in the digmaoise ratio) of the frequency
spectrum, even to a temporary black-out of the fundameotaponent. The discrete-time Fourier transform has very
efficient computational implementations, although itdab capture the (Doppler) frequency variation within each

time window. It is thus numerically suboptimal.

14
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6.4. Results, ATV Data Set

Figure 7 gives a visual comparison between estimated toajeand the ground truth (GNSS) for thé/l= 85m
and 2 km motion scenarios, respectively. Figure 8 compaeegieasured (and normalized) frequepdt) with the
estimateh(t; 6, s). A numeric comparison of parameter values is given in T2blehere also the CRLB based on
the model residuals (RMSE=0.43 an@9Hz, respectively) is noted. CRLB is worse here comparghdaimulated
scenarios, since the signal durations are significantlytsh¢« 20s). The diagram in Figure 9 shows how the
absolute localization error evolves over time. As the AT\sgms the central part of the network, the errors attain
minimum; approximately 4-5m.

The parameter errors are possibly acceptable, but yeffisigmi. It is noted that the data set is not ideal, since

there are significant fluctuations in the engine frequenbychvof course violates the model assumption.
[Figure 7 about here.]
[Figure 8 about here.]
[Figure 9 about here.]

[Table 2 about here.]

7. Conclusion

A circular motion model for localization of acoustic sousdgased on the Doppler shift observed in distributed
microphones has been proposed. The model is accurate ietise that it fully accounts for the retardation effect.
A state-of-the-art nonlinear least squares estimatorchasethe computationally efficient Gauss-Newton variable
projection technique has been applied to the estimatiobl@ma An initial estimate based on simple and robust
measurement features has been proposed as a start parfaméieGauss-Newton, which is sensitive to local optima.
The model and estimation scheme have been evaluated by Manke simulations and demonstrated on real data
from an all-terrain vehicle (ATV).

Although there are no guarantee that the estimation atguorig successful in a particular realization of Gaussian
noise, it is concluded that the estimation problem is fdaditr practical noise levels. In the studied examples, the
initialization fails in less than 2% of the cases when thesneament error is as large as 1 std dev Hz for a source that
give a total Doppler shift o£4 Hz. With the proposed initial estimate, the Gauss-Newypically converges in 3—-4
iterations and gives, together with the proposed initiiheste, a computationally efficient algorithm for moderate
noise levels. The estimator is also close to the Craméri®aer bound for noise levels that should be realistic in
many practical situations.

With parts of the signal processing distributed to localssemodes, the bandwidth requirement for one sensor
could be reduced to 16 bits per second and target. The tagmigvolved are fairly mature for practical implemen-

tations in a sensor network.
15
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a(t) = ag + v
® 5;
Sensor

p)
Target

1
7

Figure 1: The target motion is assumed to be circular withhomin radius 1£. The speed is also unknown but assumed to be constant. The
sensors are at known coordinagswith unknown distances to the closest points of approach; are parameters in the simplified model for
initialization. Withd; < 0, sensoi is inside the circle. Note that by definitiah > —z~1, as the sensor position is assumed to be positioned on a
ray out from the center of the circle.
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Figure 2: Two motion scenarios with a common sensor coasitall consisting of three synchronized and omnidirectiomarophones (M1-M3).
In both scenarios the acoustic target follows circular patiowever paths with distinct radiiyd = 85 m and 2 km, respectively. (The curvature of
the 2 km trajectory appears almost straight in this scalke target speed is= 14 m/s.
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Figure 3: Theoretical Doppler shift at the three micropleo(id1-M3) for the two motion radii in Figure 2. The Doppler fthi$ relative to the

observed signal frequency. TM2+Noiseplot illustrates frequency measurements at M2 of a 100 Heceoperturbed by noise witth = 0.5 Hz,
two samples per second.
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Figure 4: Monte Carlo simulation RMSE and CRLB versus thesueament erroo- given a sinusoidal target signal at 100 Hz. Results for both

the /¢ = 85m and the 2km scenario. Feg the results are indistinguishable between 85 m and 2 km, lgo8&m is shown. Each point in the
diagram is based on 4000 Monte Carlo runs.

21



D. Lindgren, G. Hendeby, and F. Gustafsson / Signal Prongs30d (2014) 1-17 22

llpoll Est. Error (m)

0.05 0.25 0.5 0.75 1
Measurement Error o at 100 Hz (Hz)

Figure 5: Penalty for disregarding the propagation delde RMSE from 5< 4000 Monte Carlo runs on thg 1= 2 km scenario (RMSE APPR)
shows that the accuracy of tipg coordinate degrades approximately 0.5 m compared to tgmalimodel (RMSE ORIG).

22



D. Lindgren, G. Hendeby, and F. Gustafsson / Signal Prongs30 (2014) 1-17 23

300
250
200
150

Frequency (Hz)

100
50

t(s)

Figure 6: Acoustic spectrogram from microphone M3 for the/Afl the 1/¢ = 85 m scenario. The engine revolutions give distinct harestiiat
are used in the frequency estimation.
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Figure 7: Estimated trajectory compared to ground truth 88N The localization error is 4-5m as the target passeaghrthe sensor network.
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Figure 8: Frequency measuremeytt (rugged curves) compared to the best fit mdweld, s;) (smooth curves) for the two ATV data sets.
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Figure 9: Absolute ATV localization error over time basedtloa reference GNSS measurements for the two scenarios.
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Table 1: Optimization (or initialization) failures in penat of 4000 Monte Carlo runs for the two example scenariod fandifferent levels of the
measurement erraer. A failure means that at better LS solution was found byatiing the optimization with the true parameter vectorthat
rank deficiency were detected in the Gauss-Newton itemmtion

catl00Hz 005 01 025 05 075 1 15 2
1/{=85m 0 0 04 14 17 19 30 44
1/¢ =2km 0 0 0 0 01 04 10 1.7
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Table 2: Parameter errors and the CRLB for the ATV data seé GRLB is based on the model residud(f), and on a ground truth parameter

vector that is computed from accurate GNSS measurements.

v @0 ¢ lIpoll

(m/s) () (Lkm) (m)

1/,=2km,—-6 1.0 1.4 21 3.1
1/, =2km,CRLB 0.18 089 @O0 0.70
1/,=85m,d—6] 099 38 19 4.0
1/,=85m,CRLB 032 19 D 39
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