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Abstract—The problem of censusing elephants via geo-phone
recordings of their footsteps along a linear array positioned along
a path leading to a watering hole is considered. We propose
an intuitive and graphically motivated technique that delineates
passings of herds of elephants. Additionally, a measure of
dispersion of the localization estimates is proposed that correlates
to the size of the passing herd. We illustrate the methods using
both real data and a simulation study.

I. INTRODUCTION

We consider in particular the problem of censusing elephant
populations in forested regions of their habitat [Woods, et al.
2005]. The general problem of censusing includes problems
of localization, tracking and segmentation of groups of gaited
animals in their own habitat. In this work we focus on a
particular case where groups of elephants move along a linear
sensor array embedded in a noisy environment . The method-
ology presented below addresses the problems of localization,
tracking and segmentation, and in addition gives indication
to the size of the passing group. Other applications include
tracking passage of herds to analyze behavioral patterns and
time segmentation to extract sections of noisy data for further
analysis such as footstep detection and gait modeling.

An accurate estimate of the size of an elephant population
requires the ability to estimate the number of elephants passing
in a group, as well as classification of passing animals as
either elephants or otherwise. In this paper, we concentrate on
the methods of segmentation of long term data into sections
which consist of information pertaining to either a single
animal or a group. With proper segmentation, problems such
as counting footsteps and classification of animal type (see
[1]) is possible, though beyond the scope of the present work.
We premise that any method used for solving such problems
should be done using the entire array data. As such, we look
to segment the data into sections for which the entirety of the
array is being dominated by a single group of elephants. We
use seismic detection for minimal human intervention to the
natural environment.

There has been significant research in the field of localiza-
tion with a wide variety of applications ranging from acoustic
to radar problems. The nature of the sources and properties of
the environment dictate different approaches to the detection
of the required information [2]-[4]. In source localization
terminology, our problem can be viewed as localization of a

group of narrowband, near-field, moving seismic sources with
unknown signal propagation speed in a reverberant environ-
ment. In addition, the sources are impulsive and not necessarily
strictly periodic. In our case, the main difficulty in localization
arises from seismic properties such as unknown reverberation
patterns and rapid energy dissipation.

We refer to a small sampling of work related to our
method in this paper. Knapp and Carter proposed a generalized
correlation method for two-channel time delay estimation [5].
The method used a maximum likelihood estimator and a
prefilter to suppress noise power. Mainwaring et al. used a
tiered sensor network architecture for habitat monitoring of
seabird nesting behavior [6]. Gannot and Dvorkind proposed
a two-level method for acoustic source localization with the
first level estimating pairwise time delays and the second
level combining this information for a microphone array [7].
Other research on acoustic source localization concentrates
on arrangement of microphone arrays [8], [9] and tracking
multiple speakers [10].

Section 2 contains a description of the data and preprocess-
ing, Section 3 describes the procedure for localization, section
4 discusses the parameterization used in estimating location,
and results related to estimating group size are given in section
5. A conclusion of the methods and results is found in section
6.

II. PREPROCESSING THE ARRAY DATA

The input consists of 13 channels of sampled data obtained
from equidistant geophones. Due to the fact that the data
was extremely noisy we applied a spectral filter that would
maximize the ratio of the energy output for footstep signals to
all other spectrally unrelated ones. Each channel is filtered
in the spectral domain with a filter that has a bandwidth
spanning a typical footstep spectrum. This is implemented
by calculating the sliding short-time Fast Fourier Transform
of each channel. Each window that is 0.25 seconds long
is multiplied with a Hann window prior to calculating the
transform and successive windows are overlapped 87.5% in
time. The resulting banded amplitude spectrum is then squared
and summed over all bins to obtain the filtered signal energy
for that window. The large dynamic range of the energy signal
led us to consider compression in order to reduce the dynamic
range. This was more useful for us to visually observe the



Fig. 1. Energy across channels.

interchannel relationships rather than having a computational
benefit. Compression is done by raising the energy signal to
a power x, with x < 1. That is, to achieve less difference
between sections that have higher energy where the elephant
is close to a geophone and those that are very low in energy
where the elephant is far away. The method presented in this
paper relies on the information supplied by this front-end
which constitutes solely of energies in the 13 channels.

III. LOCALIZATION

In general, the sensor array consists of k equidistant co-
linear sensors (k=13, in our case), letting si, i = 1, ..., k,
denote location of the sensors along the array axis. In this
study we assume sources are always on one side of the array
axis where the path used by elephants lies.

Exploiting the information regarding the lag domain, we
can parameterize the distance of the source from the array
and location by fitting a ’v’ to the time-varying spectrum of
the data. A single angle, related to the time delay of arrival
(TDOA), can be related to the distance of the source from
the array. The point at which the lag offsets change in sign
represents the projection of the source onto the array axis. The
change point is represented as the vertex of a horizontal ’v’ and
is hence referred to as the v-tip. In Fig. 1, a section of the data
consisting of a small number of footsteps is shown. We can see
the ’v’s with the v-tip clearly near the 4th sensor. The ’v’ shape
is an approximation to the theoretical lag pattern based on the
assumption that the sources are relatively near to the array
axis. Our experiments have shown that this assumption holds
for our data but, in general, this lag pattern can be further
parameterized if necessary. Assuming the source is moving
parallel to the array, the angle will be constant and thus only
a single value need be estimated in a chosen section of the
input data. In the case the source is not moving parallel to
the array, the angle can be treated as a function in time, and
can be estimated, for example, by looking at possibly smaller
sections of the data in time.

First we estimate the optimal angle for each section. A
given angle and v-tip determine the time lags at which to
match energies for all channels. We consider the matrix of
correlations between pairs of windows at these time lags across
various angles. The length of the window is chosen such that
it contains at least part of a footstep. This produces a series of
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ρ̂ij as a function of angle θ.

correlation matrices of size k by k, where the i, jth element
is the correlation between the data segments of the ith and
jth sensor. We define ρ̂ij(v, θ, s) as the correlation of the
windowed data along the line determined by the v-tip location
v and angle θ and time point s for the ith and jth sensors.

The estimated angle θ̂ maximizes the total sum of the
correlation matrices across all time points in a section. The
v-tip at each time point is then estimated using this angle as
the position which has the largest sum of the correlation matrix
at θ̂ . Arbitrarily, we set the v-tips to be centered at the first
channel. At the correct angle, the submatrix corresponding to
the sensors beyond the true v-tip will tend to have large entries,
in fact this submatrix will be the same as if we had known the
correct v-tip location. At the incorrect angle, this will never
happen, and any large entry in the correlation matrix will be
due to chance. Thus, we expect that the selected angle will
be close to the true angle, without specifying the v-tips. The
estimate of the angle is given by:

θ̂(s) = arg max
θ

t=s+m∑
t=s−m

k∑
i=1

k∑
j=1

ρ̂ij(1, θ, t)

where 2m is the length of the section being analyzed centered
at time s. For our particular situation it is safe to assume θ̂(s)
is not a function of s due to the orientation of the array along
a path ensuring roughly parallel movement.

The peak in Fig. 2 shows the optimal angle for a single
elephant passing. A clear maximum is seen despite not know-
ing the optimal v-tip locations. In this example, the section
being analyzed contains the entire passage of a single elephant.
Updating this calculation using estimates of the v-tip location,
discussed below, could be done iteratively, allowing even more
resolution of the optimal angle. Alternatively, the maximum
energy as recorded by the sensors can be interpolated to arrive
at an estimate of the v-tip position when the projected source
location on the array axis is in between the two sensors on
either end of the array. Fig. 3 shows the total correlation as a



Fig. 3. Total correlation of energy along vs across position.

Fig. 4. Single elephant. Maxima of total correlation(points), moving average
of the maxima and weighted measure of dispersion.

function of time and position:

g(s, v) =
k∑

i=1

k∑
j=1

ρ̂ij(v, θ̂(s), s)

The lighter shaded regions correspond to higher total corre-
lation. A line which corresponds to the passage of a single
elephant is visible. Next, we find estimates for the v-tip
locations by selecting the location that maximizes the total
correlations:

v̂(s) = arg max
v∈[1,13]

g(s, v)

Fig. 4 shows v̂, together with the moving average and the
weighted measure of dispersion that is defined below.

IV. PARAMETRIZATION OF LOCATION BY ANGLE AND
V-TIP

A. Tracking

The angle is related to the distance of the source from the
array. For instance a source at infinity would result in the
signal reaching all sensors simultaneously, and the resulting
’v’ would have an angle of 90 degrees. The lower bound of the
angle is determined by the propagation speed and the distance
between sensors in the array. This is achieved when the source
is co-linear with the array.

The location of the v-tips determines the location of the
projection of the source on the array axis. Combined with
angle, this determines the position of the source up to two

possibilities, the side of the array the source is on is not
identifiable with a linear array. However, we only consider
one side of the array because we know that there is a path
that the elephants use to access water.

We can further parameterize the movement of the source
by estimating the function describing the location of the v-
tips in time. In the simplest case, the source is moving at a
constant speed parallel to the array. Thus, a linear fit to the
v-tip estimates would allow us to estimate the speed of the
animal, related to the slope of the line.

A non-parametric estimate of the function relating the v-
tip locations to time is recommended when the assumption
of constant speed is not likely to hold. A weighted moving
average of the locations of the v-tip estimates would be
appropriate for estimating this function. The weights involved
are related to our confidence in the particular estimate of the
v-tip location. This is quantified by the sum of the correlation
matrix for the estimate of the v-tip location at time s. The
weighted moving average is given by the following:

ṽ(s) =
∑s+n

t=s−n v̂(t)g(t, v̂(t))∑s+n
t=s−n g(t, v̂(t))

where the moving average is calculated over a window of size
2n with n << m.

B. Segmentation

Based on the localization and tracking estimates given
above, we wish to find segments of data that contain re-
liable information. As ṽ(s) does not contain a measure of
reliability, we further suggest methods to quantify the amount
of coherence in a particular time window. Related to the
weighted moving average, we consider measuring the amount
of dispersion in the v-tip location estimates, again weighting
the estimates by their associated total correlation matrix:

d(s) =
∑s+l

t=s−l (v̂(t)− ṽ(t))2 g(t, v̂(t))∑s+l
t=s−l g(t, v̂(t))

where the measure of dispersion is calculated over a window
of length 2l.

The segments that contain usable data can be obtained
through selecting a threshold and using the sections with a
value less than that threshold. The value of the threshold is, in
general, environment dependent, and can be chosen by looking
at the amount of variability in the data when there is no
crossing occurring. The threshold can then be set empirically
such that the probability of false detection is small.

V. RESULTS

We show the results obtained from real data collected by
J. Woods and colleagues at Namibia’s Etosha National Park.
Starting with a simple case, a single elephant, in Fig. 3 and
4 we show the results of tracking and segmentation. The
dispersion curve is normalized to a maximum of 13 to be
shown on the same plot. Also, the maximum of the dispersion
measure is referenced to white noise for it to be comparable for



Fig. 5. Total correlation of energy along vs across position for simulated
two elephant.

Fig. 6. Maxima of total correlation, moving average of the maxima and
weighted measure of dispersion for simulated two elephant.

different data sets. The procedure for segmentation is simply
to pick a threshold for the dispersion measure such that a
workable segment is obtained. Lower thresholds will result in
smaller segments of data, though with greater reliability. Next,
we show how the dispersion measure could aid in segmenting
individual passages of elephants. We do so by adding a shifted
version of the single elephant case to itself and applying our
method. In Fig. 5 we show the total correlation of the energy
along vs across position and in Fig. 6 we show the weighted
dispersion for the simulated two elephant case. Note the high
value of dispersion while the maxima of total correlation
switches from tracking one elephant to the other.

In Fig. 7 and 8 we show the same plots for a real case
where two groups of elephants are passing. In fact, the figures
show another group that is passing before the two groups come
into focus. Finally, in Fig. 9 we show a single group of 12
elephants passing followed by another group.

A. Estimating Group Size

We point to the fact that the minima of the dispersion
measure is correlated with the number of elephants in the
passing group. The lower the minima, the lower the number
of elephants in a group. For a single elephant, we can think
of four sources moving along the array, each source being
a foot. The variability in our measure is due to different
sources producing the dominant signal in our window, as the

Fig. 7. Total correlation of energy along Vs across position for two elephant
groups.

Fig. 8. Maxima of total correlation, moving average of the maxima and
weighted measure of dispersion for two groups of elephants.

sources are at slightly different locations. Thus, the estimated
v-tip location will vary. For a larger group of elephants,
there are both more sources and a greater spread amongst
their locations. Consequently, we can expect to see greater
variability in v-tip estimates over short time intervals.

To verify this relationship, we simulated groups of elephants
ranging in size from 2 to 8 to understand the relationship
between group size and the value of d at the time point at
which the moving average crosses the middle sensor. We used
the passage of a single elephant shown in Fig. 3 overlaid by
random shifts with itself. Fig. 10 shows the values of d for the

Fig. 9. Maxima of total correlation, moving average of the maxima and
weighted measure of dispersion for a group of 12 elephants.



Fig. 10. Dispersion value as a function of size of group for simulated data.

simulation. A monotonic relationship between the values of d
and the group size can be seen. The relationship is nonlinear
as expected as there is an upper bound on the dispersion. A
quadratic fit is used to illustrate this.

VI. CONCLUSIONS

We have proposed a method that functions on several levels.
It provides a visual approach to localization and tracking of
animals moving along a linear array. Furthermore, our method
provides a means to automatically separate our data into seg-
ments containing individual passages of either single animals
or small herds. Such a segmentation provides information
regarding the number of groups of animals passing the array,
useful for estimating the sizes of populations of such animals.
Finally, the methodology proposed for segmentation, looking
at the coherence of the signal at a given time interval relative
to noise, also provides information as to the size of the herd.
The motivation for the segmentation is to find regions in
time for which the signal is relevant across the entire array.
This could be used for extraction of individual footsteps to
be used for classifying animal type or footstep counting, for
example. While this problem is beyond the scope of this
paper, the amount of variability in the data as measured by
our method seems to offer information as to the size of the
herd. As such, it provides important steps towards the goal
of censusing elephant populations. Finally, since this method
restricts attention to signals that correlate along an angle
estimated over a period of time, short bursts of high energy
related to “source at infinity” type events will not hinder the
method or cause us to think we have observed an additional
animal crossing.
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