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Abstract: We use signal and image theory based algorithms to produce estimations of the number of wolves emitting
howls or barks in a given field recording as an individuals counting alternative to the traditional trace collecting
methodologies. We proceed in two steps. Firstly, we clean and enhance the signal by using PDE based image
processing algorithms applied to the signal spectrogram. Secondly, assuming that the wolves chorus may be
modelled as an addition of nonlinear chirps, we use the quadratic energy distribution corresponding to the
Chirplet Transform of the signal to produce estimates of the corresponding instantaneous frequencies, chirp-
rates and amplitudes at each instant of the recording. We finally establish suitable criteria to decide how such
estimates are connected in time.

1 INTRODUCTION identify the different howls corresponding to different
individuals by estimating the instantaneous frequency

Wolf is a protected specie in many countries around (IF) ines of their hows.

the world. Due to their predator character and to Unfortunately, the real situation is somehow more
their proximity to human settlements, wolves often involved due mainly to the following two factors. On
kill cattle interfering in this way in farmers’ econ- one hand, since natural sounds, in particular wolf
omy. To smooth this interference, authorities reim- howling, are composed by a fundamental pitch and
burse the cost of these lost to farmers. Counting the several harmonics, direct instantaneous frequency es-
population of wolves inhabiting a region is, therefore, timation of the multi-signal recording leads to an
not only a question of biological interest but also of over-counting of individuals since various IF lines
economic interest, since authorities are willing to es- correspond to the same individual. Therefore, more
timate the budget devoted to costs produced by wolf sophisticated methods are indicated for the analysis
protection, see for instance (Skonhoft, 2006). How- of these signals, methods capable of extracting addi-
ever, estimating the population of wild species is not tional information such as the slope of the IF, which
an easy task. In particular, for mammals, few and not allows to a better identification of the harmonics of a
very precise technigues are used, mainly based on thegiven fundamental tone. The use of a Chirplet type
recuperation of field traces, such as steps, excrementsransform (S. Mann, 1995; L. Angrisani, 2002) is in-
and so on. Our investigation is centered in what it vestigated in this article, although an equivalent for-
seems to be a new technique, based on signal andnulation in terms of the Fourier fractional transform
image theory methods, to estimate the population of (H. M. Ozaktas, 2001) could be employed as well.
species which fulfill two conditions: living in groups, On the other hand, despite the quality of recording
forinstance, packs of wolves, and emitting some char- devices, field recordings are affected for a variety of
acteristic sounds, howls and barks, for wolves. The undesirable signals which range from low amplitude
basic initial idea is to produce, from a given record- broad spectrum long duration signals, like wind, to
ing, some time-frequency distribution which allows to  signals localized in time, like cattle bells, or localized
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in spectrum, like car engines. Clearly, the addition (3) represents the spectrogram as the convolution of
of all these signals generates an unstructured noisethe WV distribution of the signak, with the smooth-
in the background of the wolves chorus which im- ing kernel defined by the WV distribution of the
pedes the above mentioned methods to work properly,window, ¢, explaining the mechanism of attenuation
and which should be treated in advance. We accom-of the cross-terms interferences in the spectrogram.
plish this task by using PDE-based techniques which However, an important drawback of the spectrogram
transforms the image of the signal spectrogram into with respect to the WV distribution is the broadening
a smoothed and enhanced approximation to the reas-of the IF lines as a direct consequence of the smooth-
signed spectrogram introduced in (K. Kodera, 1978; ing convolution. To override this inconvenient, it was
F. Auger, 1995) as a spectrogram readability improv- suggested in (K. Kodera, 1978) that instead of assign-
ing method. ing the averaged energy to the geometric center of the
smoothing kernelt, w), as it is done for the spectro-
gram, one assigns it to theenter of gravityof these
2 SIGNAL ENHANCEMENT energy contributions(f, @), which is certainly more
representative of the local energy distribution of the
signal. As deduced in (F. Auger, 1995), the gravity

In previous works (B. Dugnol, 2007a; B. Dugnol, center may be computed by the following formulas

2007d), we investigated the noise reduction and edge

(IF lines) enhancement on the spectrogram image by a . GTo (X1, )
PDE-based image processing algorithm. For a clean t(xt,w) =t—0 {7’}
signal, the method allows to produce an approxima- Go(xt,w)
tion to the reassigned spectrogram through a pro- a(xt, ) w+D{gD¢(X;t’w)}
cess referred to adifferential reassignmenand for a ' 4 Go(xt,w) |’

noisy signal this process is modified by the introduc- o )
tion of a nonlinear operator which induces isotropic Where the STFT's windows in the numerators are

diffusion (noise smoothing) in regions with low gra- 1¢(t) = td(t) and D¢(t) = ¢'(t). The reassigned
dient values, and anisotropic diffusion (edge-IF en- SPectrogramR$(x;t,w), is then defined as the ag-

hancement) in regions with high gradient values. gregation of the reassigned energies to their cor-
Letx € L2(R) denote an audio signal and consider résponding locations in the time-frequency domain.
the Short Time Fourier transform (STFT) Observe that energy is conserved through the reas-

_ signment process. Other desirable properties, among
Go (X1, ) :/ x(s)q)(s—t)e‘i“’sds 1) which non-negativity and perfect localization of lin-
R ear chirps, are proven in (Auger, 1991). For our ap-
corresponding to the real, symmetric and normalized plication, it is of special interest the fact that the re-

window¢ € L2(R). The energy density function or allocation vectory (t,w) = (f(t,w) —t, &(t, w) — w),
spectrogramof x corresponding to the window is may be expressed through a potential related to the
given by spectrogram (E. Chassandre-Mottin, 1997),

. . /4
SP(Xitaw):|G¢(Xlt7w)| ) (2) r(t,w):%Dlog(Sp(X,t,w)), (4)
which may be expressed also as (Mallat, 1998)
when¢ is a Gaussian window of unit variance. Let
S (xt,w) = /RZWV(d);tN,G))WV(x;t—f,oo—d))dt”dd), T > 0 denote an artificial time and consider the dy-

3) namical expression of the reassignment given by
with WV(y;-,-) denoting the Wigner-Ville distribu- ®(t,0,1) = (t’q))_JTTr(t’@ wh|ch,_for_r:0t01_: 1,
tion ofy € L2(R), connects the initial pointt,w) with its reassigned

point (f,&). Rewriting this expression as

WVt @) = [ yit+ 2yt - e ds
R 2 2
The Wigner-Ville (WV) distribution has received
much attention for IF estimation due to its excel- and taking the limitt — 0, we may identify the dis-
lent concentration and many other desirable math- placement vector as the velocity field of the trans-
ematical properties, see (Mallat, 1998). However, formation ®. In close relation with this approach
it is well known that it presents high amplitude is the process referred to dgferential reassignment
sign-varying cross-terms for multi-component signals (E. Chassandre-Mottin, 1997), defined as the transfor-
which makes its interpretation difficult. Expression mation given by the dynamical system corresponding

=

¥(CD(t,oo,r) —®(0,w,1)) =r(t,w),
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to such velocity field, Spectrogram Image transformation
1200 1200
dx -|._ '\._
{ a(t,w,T)—r(X(t,&),T)), (5) F

X(t,w,0) = (t,w), ~
for T > 0. Observe that, in a first order approximation,

we still have thaj connectgt, w) with some pointin

Frequency
~
S

Frequency
—~
S
]

a neighborhood oft, &), since
X(t,00,1) = X(t,0,0) +r(X(t,,0)) ~ s
= (t, ) +r(t,w) = (f,d). o - ., = .
In addition, for T — o, each particle(t,w) con- Time Time
verges to some local extremum of the potential Spectrogram

log(Sy(x;-,-)), among them the maxima and ridges
of the original spectrogram. The conservative energy

reassignation for the differential reassignment is ob-
tained by solving the following problem fart, w, 1) T F

=
andt > 0, J.

o] .
a +div(ur) =0, (6) .
ot Image transformation

U(',',O) = Uo, (7)

where we introduced the notatiop = S (X;-,-) and,
consequently; = 10log(up). Since in applications __I___.r_'-:-‘-'-\___
both signal and spectrogram are defined in bounded -

domains, we assume (6)-(7) to hold in a bounded
time-frequency domairQ, in which we assume non
energy flow conditions on the solution and the data  Figure 1: First row: Spectrogram and its transformation

T T with the PDE model. Subsequent plots: detail of the howl
Ou-n=0, r-n=0 ondQxR, (8) contained within the range 360750 Hz. We observe the IF
beingn the unitary outwards normal @Q. Finally, concentration and smoothing effect of the PDE algorithm.

observe that the positivity of the spectrogram (Mal-
lat, 1998) and the fact that it is obtained from a PDE based algorithm than if we simply threshold the
convolution with aC* kernel implies the regularity ~ image spectrogram. This is due to the local applica-
Up,r € C* and, therefore, problem (6)-(8) admits a tion of gaussian filters in regions of small gradients
unigue smooth solution. (noise, among them) while anisotropic diffusion (in
As noted in (E. Chassandre-Mottin, 1997), differ- the orthogonal direction to the gradient) is applied in
ential reassignment can be viewed as a PDE basedegions of large gradients (edges-IF lines). Therefore,
processing of the spectrogram image in which the en- a possible way to improve the image obtained by the
ergy tends to concentrate on the initial image ridges differential reassigned spectrogram is modifying (6)
(IF lines). As mentioned above, our aim is not only by adding a diffusive term with the mentioned prop-
to concentrate the diffused IF lines of the spectrogram erties.
but also to attenuate the noise present in our record-  Let us make a final observation before writing the
ings. It is clear that noise may distort the reassigned model we work with. In the derivation of both the re-
spectrogram due to the change of the energy distribu-assigned and the differential reassigned spectrogram
tion and therefore of the gravity centers of each time- the property of energy conservation is imposed, im-
frequency window. Although even a worse situation plying that energy values on ridges increase. Indeed,
may happen to the differential reassignment, due to let B be a neighborhood of a point of maximum for
its convergence to spectrogram local extrema (noise Uo, in which divr = Alogup < 0, and let(to, wp) € B.
picks among them) an intuitive way to correct this ef- LetXo(t,w, T) denote the characteristic defined by (5)
fect comes from its image processing interpretation. starting at(to,wp). Evaluating Eq. (6) alongo we
As shown in (B. Dugnol, 2007a; B. Dugnol, 2007d), obtain
when a strong r_10ise is added _to a_clean signal better Eu _ @ 4r-Ou=—udivr, (9)
results are obtained for approximating the clean spec- dr ot
trogram if we use a noise reduction edge enhancemenimplying thatu experiments exponential increase in
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B. For image processing, it is desirable the maximum

principle to hold, i.e., that the bounds nuin< u <
maxug hold for any(t,w, 1) € Q x Ry, ensuring that

the processed image lies within the range of image

definition (0,255, usually). A simple way, which we

with
0 fors<hg,
1 fors> 2ho,

beinghp theenhancemergarameter.
In Fig. 1 we show an example of the outcome of our

n(s) = { (12)

shall address, to ensure this property is by dropping algorithm for a signal composed by two howls. See

the right hand side term of Eq. (9), i.e., replacing Eq.
(6) by the transport equation

ou
5 T7 Ou=0. (10)

However, no energy conservation law will apply any-
more (note thatu is constant along the character-
istics). The combination of the differential reas-

signment problem with the edge-detection image-

smoothing algorithm (LAIvarez, 1992) is written as
ou

ot
in Q x R, together with the boundary data (8) and
the initial condition (7). Parameter> 0 allows us
to play with different balances between transport an
diffusion effects. The diffusion operator is given by

Ou . d%u

fi(—t) Y
J:Z--.,n J(|Du| 02

Let us briefly remind the properties and meaning of
the diffusive term components in equation (11):

e FunctionGgis a Gaussian of varianse The vari-
ance is ascale parametewhich fixes the minimal

+ ED log(up) - Ou—g(|Gs* Ou|)A(u) =0, (11)

A(u) = (1—h(|0Ou]))Au+h(]0Ou))

size of the details to be kept in the processed im-

age.

e Functiong is non-increasing wittg(0) = 1 and
g(e) = 0. It is acontrastfunction, which allows

(B. Dugnol, 2007d; B. Dugnol, 2007c) for more de-
tails and other numerical experiments.

3 HOWL TRACKING AND
SEPARATION

A wolves chorus is composed, mainly, by howls and
barks which, from the analytical point of view, may
be regarded as chirp functions. The former has a long
time support and a small frequency range variation,
while the latter is almost punctually localized in time
but posses a large frequency spectrum. It is conve-

d nient, therefore, adopting a parametric model to rep-

resent the wolves chorus as an addition of chirps given
by the functionf : [0, T] — C,

N
(0= 3 an) exclint)

with T the length of the chorus emissios, and @,
the chirps amplitude and phase, respectively, and with
N, the number of chirps contained in the chorus. We
notice thatN is not necessarily the number of wolves
since, for instance, harmonics of a given fundamental
tone are counted separately.

To identify the unknown$\, a, and @, we pro-
ceed in two steps. Firstly, for a time discretization of

(13)

to decide whether a detail is sharp enough to be the time interva[0, T], sayt;, for j =0,...,J, we pro-

kept.

e The composition ofGs and g on [u rules the
speed of diffusion in the evolution of the image,
controlling theenhancementf the edges and the
noise smoothing.

e The diffusion operatoA combines isotropic and
anisotropic diffusion. The first smoothes the
image by local averaging while the second en-
forces the diffusion only on the orthogonal di-
rection tou (along the edges). More precisely,
for 8 = (j —1)*1/n, j = 1,...,n we definex;
as the orthogonal to the directid, i.e., x; =
—tsindj + wcosBj. Then, smooth non-negative
functions f;(cosB,sinB) are designed to bac-
tive only when® is close toB;. Therefore, the
anisotropic diffusion is taken in an approximated
direction to the orthogonal dflu. The combina-
tion of isotropic and anisotropic diffusions is con-
trolled by functionh(s), which is nondecreasing
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duce estimates of the amplitudg(t;) and the phase
(n(tj) of the chirps contained at such discrete times.
Secondly, we establish criteria which allow us decid-
ing if the computed estimates at adjacent times do be-
long to the same global chirp or do not.

For the first step we use the Chirplet transform de-
fined by

Wit E N = [ FOB g Od  (14)

with the complex windowj ¢ . given by

Wz (O =Wt —to)exp[i(Et+ 5t ~1)%)].
(15)
Here, v € L?(R) denotes a real windowy(-) =
v(-/A), with A > 0, and the parametets,&,p € R,
stand for time, instantaneous frequency and chirp rate,
respectively. The quadratic energy distribution corre-
sponding to the chirplet transform (14) is given by

Pof(to, & A) = [Wf (to, &, A) [2. (16)
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For a linear chirp of the form

f(1) = a(t) exli(5 (t—to)2 + B(t—to) V)],

it is straightforward to prove that the energy dis- 3000
tribution (16) has a global maximum &t,B), al-
lowing us to determine the IF and chirp rate of a
given linear chirp by localizing the maxima of the en-
ergy distribution. For more general forms of mono-
component chirps we have the following localization
result (B. Dugnol, 2007b)

Theorem1 Let f(t) = a(t)expip(t)], with a e
L?(R) non-negative andp € C3(R). For all € > 0
and&, p € R there exists I> 0 such that ifA < L then

Puf (to,&,5A) <€+ Puf (to, @ (o), @' (to) ;A) .
(17)

Frequency
N
o
o
[e)

—
o
o
O

In addition,
ggpwamd@xwaam)=aw? (18)

In other words, for a general mono-component chirp
the energy distribution maximum provides an arbi-
trarily close approximation to the IF and chirp rate
of the signal. Moreover, its amplitude may also be es-
timated by shrinking the window time support at the
maximum point.

Finally, for a multi-component chirpf (t) = N :
SN, an (t) exgign (t)] the situation is somehow more 1000 2000
involved since although the energy distribution still Instantaneous frequency
has maxima afq, (o), (t,)) for all n such that
& (t°.> 7 0, these afe now of local natu.re, and in fac;t, low: quadratic energy distribution of the chirplet trarrsfio
spurious local maxima not corresponding to any chirp ,; fo — 2. Maxima correspond to IF and chirp rate chirps

may appear due to the energy interaction among thejocations. We observe the different behavior in &endp
actual chirps. directions at these maxima.

0
Chirp-rate

3000

Figure 2: Above: STFT of a field recorded signal. Be-

then identified as the IF and chirp-rate of a chirp can-
4 NUMERICAL EXPERIMENTS didate. However, when multi-component signals are

close to each other or are crossing, some spurious lo-

cal maxima are produced which do not correspond to
According to the recording quality, we start our algo- any actual chirp. Therefore, some criterium must be
rithm enhancing the signal with the PDE algorithm used to select the correct local maxima at eagh
explained in Section 2 or directly with the separa- Although we lack of an analytical proof, there are ev-
tion algorithm introduced in Section 3. For details idences suggesting that maxima produced by chirps,
about the implementation of the former, we refer the i.e., at points of the typég, (tm) , @, (tm)) , decrease
reader to (B. Dugnol, 2007c). Following, we briefly much faster in th€ direction than in theu direction,
comment about the separation algorithm implementa- see Fig. 2, a phenomenon that does not occur at spuri-
tion. We start by computing the energy distribution, ous maxima. We use this fact to choose the candidates

Pyf (Tm, &, 5 A) at a set of discrete timep, = mx* T first by selectingk, fork =1,...,K, which are max-
of constant time steg, and for a fixed window width  ima for
A. Next we compute the maxima of the energy at each SupPyf (Tm, &, 5 A),

1l

of these times. When the signal is mono-component

or the various components of the signal are far from and, among them, selecting the maxima with re-
each other relative to the window width, the maxima spect top of Py f (Tm, &k, 15 A). We finally establish

of Py correspond to som@y, (Tm),, ¢} (Tm)) whichare  athreshold parameter to filter out possible local max-
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ima located at points that do not correspond to any
¢, (tm) but which are close to two of them. We set
this threshold such that the existence of two consecu-
tive maxima is avoided.

In this way we obtain, for eachy, a set of points
(Mim, &irm)» forim=1,...,1m, which correspond to the
IF's and chirp-rates of chirps with time support in-
cludingtm.

The next step is the chirp separation. We note that
if the time stept = Tmy1 — Tm is small enough, then
I‘ljm+l Mm

2 T
Introducing a new parameter, we test this property
by imposing the condition

1‘ 22jm+1 ~ Hjmia
\Y ZEim + Tp'im
for two points to be in the same chirp. In the experi-
ments we take = 21/13 ~ 1.0548.

Finally, in the case in which test (19) is satisfied
by more than one point, i.e., when there exist points
(&jmy1sHimea ) @nd (Ek,q, My, ) SUCh that (19) holds
for the same(§;,,, l,,), we impose a regularity cri-
terium and choose the point with a closer chirp-rate
to that of (§;,,, i,)- This is a situation typically aris-
ing at chirps crossings points.

Summarizing, the chirp separation algorithm is
implemented as follows:

T

Ejml - ~ Eim

<V, (29)

e Each point&;,,1;,), foriz =1,...,11, is assumed
to belong to a distinct chirp.

e Fork=23,..., we use the described criteria to
decide if (&, 1, ), for 1ix = 1,...,l, belongs to
an already detected chirp. On the contrary, it is
established as the starting point of a new chirp.

e When the above iteration is finished and to avoid
artifacts due to numerical errors, we disregard
chirps composed by a unique point.

Finally, once the chirps are separated, we use the fol-
lowing approximation, motivated by Theorem 1, to
estimate the amplitude

2 ! .
a(tm) X [\7(0)]2 Pyf (to7d (tm), @’ (Tm) ’)‘) .
Again, to avoid artifacts due to numerical discretiza-
tion, we neglect portions of signals with an amplitude
lower than certain relative threshold ¢ (0,1), of the
maximum amplitude of the whole signal, considering
that in this case no chirp is present.

4.1 Experiment 1. A Synthetic Signal

In this first experiment we test our algorithm with a
synthetic signalf, composed by the addition of three
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Figure 3: Spectrogram of the clean signal and results of

the chirp localization and separation algorithm for clead a
noisy signals, respectively.

nonlinear chirps (spectrogram shown in Fig. 3) and
with the same signal corrupted with an additive noise
of similar amplitude than that df, i.e., withSNR= 0.

We used the same time step= 0.2 sec, and
window width, A = 0.1 sec, to process both signals,
while we set the relative threshold amplitude level to
€ = 0.01 for the clean signal and = 0.1 for the
noisy signal. The results of our algorithm of denois-
ing, detection and separation is shown in Fig. 3. We
observe that for the clean signal all chirps are cap-
tured with a high degree of accuracy even at cross-
ing points. We also observe that the main effect of
noise corruption is the lose of information at chirps
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low amplitude range. However, the number of them
is correctly computed.

In Fig. 4 we show the amplitude, IF and chirp-
rate estimations of the chirp which is more affected by

the noise corruption, for both clean and noisy signals.

The main effect of noise corruption is observed in the
amplitude computation and in the lose of information
in the tails of the three quantities.
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Figure 5: Firstrow: spectrogram of the field recorded signal
utilized in Experiment 2. Second row: result of the chirp lo-

Figure 4: Amplitude, IF and chirp rate for the clean signal calization and separation algorithm. Third row: a zoom of

(left column) and noisy signal (right column). Solid lines

the previous plot showing six separated chirps correspond-

correspond to exact values and crosses to computed valuesing to five wolves howls.

4.2 Experiment 2. A Field Recorded

Wolves Chor us

In this experiment we analyze a rather complex signal
obtained from field recordings of wolves choruses in
wilderness, (L. Llaneza, ). Due to the noise present
in the recording, we first use the PDE algorithm to
enhance the signal and reduce the noise, see (B. Dug-
nol, 2007c) for details. For the separation algorithm,
we fixed the time step as= 0.03 sec, the relative am-
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plitude threshold as= 0.01 and the windowwidthas REFERENCES
A =0.0625 sec.
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all their harmonics) emitted by the wolves along the ése de dOth,’rat’ Ecole Centrale de Nantes. _
duration of the recording (about five sec). The result B- Dugnol, C. Fernandez, G. G. (2007a). Wolves counting

. - . S . by spectrogram image processingppl. Math. Com-
is shown in Fig. 5. Since our aim is giving an estimate put, 186:820-830.

of how many individuals are emitting in a recording, B. Dugnol, C. Fernandez, G. G. J. V. (2007b). Implementa
we p.|0t azoom of the separating algorithm reSlillt for tion 6f a chirplet traﬁsform method for separating and
the time interval1,2.5). Here, the number of chirps counting wolf howls. Preprint 1, Dpt. Mathematics,
reduces to six. However, it seems that one couple of Univ. of Oviedo, Spain.

them are harmonics, the couples formed by the chirp g Dugnol, C. Fernandez, G. G. J. V. (2007c). Implemen-

around 1000 Hz and the highest IF chirp. Therefore, tation of a diffusive differential reassignment method
we may conclude that at least five wolves are emitting for signal enhancement. an application to wolf pop-
in this interval of time. A similar analysis is carried ulation counting. Appl. Math. Comput. To appear.
out with other time subintervals until all the recorded E-version: doi:10.1016/j.amc.2007.03.086.

signal is analyzed. B. Dugnol, C. Fernandez, G. G. J. V. (2007d). On pde-

based spectrogram image restoration. application to
wolf chorus noise reduction and comparison with
other algorithms. In E. Damiani, A. Dipanda, K.
5 CONCLUSIONS Y. L. L. P. S., editor,Signal processing for image
enhancement and multimedia processimglume 34
of Multimedia systems and applicationSpringer
A combined algorithm for signal enhancement and Verlag. To appear. (e-version in http://www.u-
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