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I describe a technique to differentiate between activities of radio-tagged animals solely from radio signals. Signal amplitude
and pulse interval data are transformed with time series analysis, and variables measured from the transformation are classi-
fied with discriminant function analysis. An example is given with known reference radio signals for three behaviors from
striped skunks (Mephitis mephitis) in which 75% of the reference signals are classified correctly. If the classification is
adjusted to allow for unclassifiable signals, then 23% are unclassifiable, but of the remaining 77%, 84 % are classified cor-
rectly.
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Je décris ici une technique qui permet de différencier, directement a partir des signaux émis, les diverses activités
d’animaux munis d’émetteurs-radio. L’amplitude des signaux et les données sur les fréquences sont transformées au moyen
d’une analyse de séries temporelles et les variables issues de la transformation sont classifiées par analyse discriminante. Un
exemple basé sur des signaux référence, a savoir les signaux reliés a trois comportements chez la Mouffette rayée, Mephitis
mephitis, démontre I’efficacité de la méthode : 75% des signaux de référence sont classifiés correctement. Si la classification
est ajustée de facon a inclure les signaux non classifiables, alors 23% des signaux ne sont pas classifiables, mais des 77%

qui restent, 84 % peuvent étre classifiés correctement.

Introduction

A major limitation of radiotelemetry is the inability of users
to determine what radio-tagged animals are doing. Cochran
and Lord (1963) noted that the amplitude of radio signals
changed when animals moved, and used these changes to
differentiate between activity and inactivity. Since then, many
researchers have used the same technique (e.g., Ables 1969;
Amstrup and Beecham 1976; Loughlin 1980), but most have
not been able to differentiate among different types of activi-
ties (Singer et al. 1981). Several types of activity transmitters
have been designed to make signals change in more predict-
able fashions, but researchers have not been very successful in
using these to differentiate among different activity types
(Garshelis et al. 1982; Gillingham and Bunnell 1985).

However, this lack of success does not mean that insuf-
ficient information is transmitted; both pulse interval and
signal amplitude vary with movements of animals. Rather,
researchers have not found a way to use the information that
is transmitted.

Signal amplitude changes with orientation of transmitting
antenna to receiving antenna (Amlaner 1980). With a loop
antenna, the signal amplitude is lowest when the plane of the
loop points to the receiving antenna, and with a whip antenna
it is lowest when the antenna is pointing directly at the receiv-
ing antenna. This variation has generally been used to deter-
mine if animals are active or inactive.

Pulse interval changes with the relative position of the
animal’s body. When animals curl up and are nearer to the
transmitter, capacitance will change and pulse spacing can
decrease by up to 10%. Shields (1980) used this information
to classify mice as active when pulses were longer (bodies
extended) and inactive when pulses were shorter (bodies
curled up).

Not only do both pulse intérval and signal amplitude vary,
but when animals exhibit a certain behavior, pulses vary in a
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rhythmic pattern. For example, when a radio-collared animal
walks, there is a rhythmic pattern of movement of the body
relative to the transmitter and of the transmitting antenna rela-
tive to the receiving antenna. I present an activity classification
technique that uses both pulse interval and signal amplitude in
a time series analysis to measure rhythmic patterns. I explain
this technique by showing an example with a series of radio
signals from known activities of striped skunks.

Methods

Study animal

Striped skunks show two basic activity types when active above
ground: they walk in a straight line and they forage (Nams 1988).
Generally, skunks forage in an area for one-half to several hours,
then walk quickly to another area up to 2 km away, where they forage
again. While walking to another area, they occasionally stop to inves-
tigate, but usually just walk. While foraging, they walk, dig, eat,
investigate, etc., but if they find a large amount of food, they may
feed in one spot for up to 1 h.

I therefore considered foraging, walking (in a straight line), and
eating to be different behaviors or activity types. I did not use inactive
as a behavior type because inactivity can easily be differentiated by
ear from the radio signals of all the active behaviors.

I obtained known radio signals from three reference activities of
semitame skunks handled outdoors on long leashes. For foraging, I
scattered food on the ground; the skunks searched and fed on it. For
eating, I placed food in one spot and the skunks ate it there. For walk-
ing, I led the skunks in a straight line. During foraging and eating,
the leash was used only to control the animals if something frightened
them (skunks are very timid and run at the slightest disturbance). For
walking, the leash was used to lead them along in a straight line. If
their behavior while walking differed from that of wild skunks, it was
in the direction of them stopping more often, i.e., closer to foraging,
making the resulting classification more conservative.

Equipment

I used two-stage transmitters made by AVM Instruments Co.
(Livermore, CA). These were equipped with tuned loop antennas and
transmitted at pulse frequencies of 2.5—3.5/s at a frequency range of
150—151 MHz. Radio collars weighed from 25 to 30 g, for animal
weights of 1.5—3.5 kg.

All radio signals were tape-recorded, then processed by a specially
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TaBLE 1. Discriminant function scores
Variable
loadings for DF
scores
Variable 1 2 n?
C: relative area in Ist 1/3 0.86 —0.47 0.41

0.06 —0.87 0.36
—0.71 0.31 0.19
—1.05 0.32 0.13
-0.30 0.26
-0.19 0.18

[: relative area in 3rd 1/3

A: relative area in 2nd 1/3
A: relative area in 1st 1/3
I: height of largest peak 0.25
I: frequency of 3rd largest peak 0.05

I: frequency of 2nd largest peak -0.09 0.13  0.09
I: No. of peaks, in 3rd 1/3, above 1/4 0.01 0.79 0.22
I: No. of peaks, in all plot, above 1/4 -0.34 -0.76 0.18
I: No.of peaks, in 2nd 1/3, above 3/4 0.17 0.18 0.09

NoOTE: See text for complete description of variables. Variable loading measures the
weighting of that variable in the DF scores. 5* is analogous to a correlation coefficient
(proportion of among-group variance explained), and is a measure of how well that vari-
able by itself distinguishes among the behaviors. Abbreviations: C, cross spectral densi-
ties; A, signal amplitude; I, pulse interval; DF, discriminant function.

designed A-D interface board in an Apple II+ computer (board and
software adapted from Snell et al. 1984). The interface board mea-
sured signal amplitude and pulse interval, then stored the data on
disk. Similar equipment specifically designed for radiotelemetry has
become available commercially for a variety of microcomputers.

Analysis

Pulse interval and signal amplitude dara were filtered to remove a
linear trend and outliers (defined as any datum exceeding 2.0 times
the standard deviation). Both of these affect the Fourier transform
results (Otnes and Enochson 1978), but we are interested in rhythmic
patterns, and neither one is a rhythmic pattern.

These data were then transformed using a fast Fourier transform
(FFT) algorithm from Otnes and Enochson (1978).2 The Fourier
transform produces a power spectral density function (PSD) for both
signal amplitude and pulse interval. A PSD is the variance from the
original data distributed over frequency (Otnes and Enochson 1978).
For example, a large peak in a signal amplitude PSD plot at a fre-
quency of 0.5 Hz means that signal amplitude of the initial radio sig-
nal fluctuates rhythmically every 2 s. Cross spectral densities (CSPD)
were also produced; these are a measure of correlation between pulse
interval and signal amplitude. For example, a peak in the CSPD plot
at 0.5 Hz means that both signal amplitude and pulse interval fluctu-
ate rhythmically every 2 s.

The PSD showed distinctive types of plots for each behavior. To
quantitatively classify these, I described the shape of each plot by a
series of variables, and then used the variables in a taxonomic clas-
sification technique. I measured three types of variables from each
plot for each of pulse interval, signal amplitude, and CSPD. The vari-
ables are (i) the relative area under the curve for each third of the
plot, (i) positions and relative heights of the five largest peaks, and
(iii) the number of peaks in each third of the plot that is higher than
a certain proportion (1/4, 1/2, 3/4) of the height of the tallest peak.
This was an attempt to use numbers to describe the shapes of the
plots, and other measurements might work just as well.

Out of all these variables, I used the 10 most useful (Table 1) in
the final classification. I chose them by first selecting the variables
that explained the highest percent of variance among activity types
(7, analogous to correlation coefficient), and then selecting from
them the 10 that were least correlated with each other.

Then I used these 10 variables in a discriminant function analysis

*This algorithm can only use sample sizes of powers of 2, so I used
N = 256 pulses for the main analysis. This corresponds to about 80
s of recording.
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FiG. 1. Radio-signal data from three representative examples of
skunk behaviors. F, foraging; W, walking; E, eating. The top and
bottom plots represent both pulse interval and signal amplitude data
from the same radio signals. There are recognizable differences in
pulse interval data among behaviors.

(DFA). The DFA gives two scores for each PSD plot; the scores are
the linear combinations of the 10 variables best differentiating among
the three activity types. There are various ways to classify DF scores,
and I used one based on a minimum Mahalanobis’ distance (Morrison
1976). This simply plots the DF scores of the mean of each behavior,
and classifies an unknown behavior to be whichever mean it falls
closest to on the plot of DF scores.

Once the classification scheme was set up, I estimated classification
errors from the reference behavioral types. To test the classification
errors, I formed the classification from only half of the data set, and
then compared the classification errors of both halves.

Although the process sounds quite involved, once the classification
scheme was set up, a tape recording of a radio signal could be
processed very easily: data were processed first through the A-D
board of the computer, and then the FFT and DFA were run on the
data and the resulting DFA scores were classified.

Results and discussion

Fourier results

The PSD plots show patterns that can be related to the origi-
nal radio-signal data. A large peak represents a strong rhyth-
mic pattern at that frequency, i.e., a behavior that occurred
over and over. For example, Fig. 2 shows the PSD plots from
signal amplitude and pulse interval data given in Fig. 1. For
“‘walking’’ pulse times, there is a high peak at 0.5 Hz. This
means that the animal walked in such a way as to create a
strong rhythmic pattern in pulse interval every 2 s. As well,
there are obvious differences, with respect to pulse interval,
among PSD plots for the different activity types. For example,
““walking’’ and ‘‘eating’’ have less noise (more consistent
rhythmic patterns) than does ‘‘foraging,”” and ‘‘eating’’ has
some peaks at much higher frequencies (faster rhythmic pat-
terns) than does ‘‘walking.”’ These are similar to the patterns
in the raw data (Fig. 1), and can be related to the actual
behaviors. The mixture of walking, eating, and digging
behaviors creates the inconsistent patterns in foraging, and
chewing food might create the fast patterns in eating. So, the
different behaviors do result in different spectral densities,
which can be used in classifying radio signals from unknown
behaviors.

Classification
The PSD plots could be used to classify the radio signals



ence signals really belong to; 75 % of the radio signals are clas-
sified correctly. However, the classification proportions are
measured from the same data that I used to design the classifi-
cation scheme, and thus are not a realistic test of it. Therefore,
I formed the classification using only half of the data set. To
test it, I compared classification errors between the two halves
of the data set; there was no significant difference (X*> = 8.4,
df = 8, p > 0.4) in the proportions of signals classified incor-
rectly between the two halves of the data set.

The classification scheme assumes that all radio signals must
be classified, but it can be altered to allow for unclassifiable
signals. Figure 3 shows that most of the errors occur for those
signals near the classification boundaries. If we define those
signals near the boundaries as unclassifiable, we increase the
classification success for others. The adjusted scheme results
in 23% signals unknown, but of the other 77%, 84 % are now
classified correctly (Table 3). The exact placement of the
broken lines is arbitrary, but represents a trade-off in that

than between-individual variation. Thus the classification may
not be dependent on strictly these three specific skunks.

T used only 10 of the variables in the final classifications, but
among all the variables, pulse interval variables had consider-
ably higher n? values than did the signal amplitude variables.
This means that pulse interval data contain more information
for separating behavioral types than do signal amplitude data.
This likely occurs because occasional small changes in body
position can cause large changes in signal amplitude, swamp-
ing the regular patterns.

The fact that pulse interval is more important for separating
animal behaviors than signal amplitude implies that this tech-
nique of differentiating among behaviors would not be affected
by the many extraneous factors that affect signal amplitude,
such as topography, distance from transmitter, weather condi-
tions, type of vegetation, etc. In the past, biologists may have
had problems differentiating activity types because they have
relied on signal amplitude. ‘









