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[1] A new technique designed to automatically identify and characterize waves in three-
axis data is presented, which can be applied in a variety of settings, including triaxial
ground-magnetometer data or satellite wave data (particularly when transformed to a
field-aligned coordinate system). This technique is demonstrated on a single Pc1
event recorded on a triaxial search coil magnetometer in Parkfield, California
(35.945�,�120.542�), and then applied to a 6-month period between 1 June 2003 and
31 December 2003. The technique begins with the creation of a standard dynamic
spectrogram and consists of three steps: (1) for every column of the spectrogram (which
represents the spectral content of a short period in the time series), spectral peaks are
identified whose power content significantly exceeds the ambient noise; (2) the series of
spectral peaks from step 1 are grouped into continuous blocks representing discrete wave
events using a ‘‘spectral-overlap’’ criterion; and (3) for each identified event, wave
parameters (e.g., wave normal angles, polarization ratio) are calculated which can be used
to check the continuity of individual identified wave events or to further filter wave events
(e.g., by polarization ratio).
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1. Introduction

[2] A large variety of plasma waves are routinely en-
countered in studies of the magnetosphere, carrying with
them information about the generation mechanism and
medium of propagation between source and receiver [e.g.,
Gurnett and Inan, 1988; Samson, 1991; Stix, 1992]. Such
waves have been studied for well over 100 years [Mursula
et al., 1994] and have provided invaluable information
about the space environment.
[3] Currently, there exist large quantities of wave data

gathered from over 50 years of space and ground observa-
tions [Walker et al., 2005], which are growing daily due to
the unprecedented number of deployed instruments and
affordability of mass storage. The exponential increase in
computational speed [e.g., Moore, 1965] allows analysis of
these large data sets in reasonable periods of time and only
requires suitable algorithms to extract information about the
waves. Such information would ideally include the shape of
the wave event in the frequency-time domain (specified as
upper- and lower-frequency bounds which change as a
function of time throughout the event), intensity, orientation

of the wave normal, as well as wave polarization parameters
such as polarization ratio, ellipticity, and sense of rotation.
[4] Previously, wave events in the Pc1 frequency range

(0.2–5 Hz [Jacobs, 1970, p. 20]) were identified either
manually [e.g., Campbell and Stiltner, 1965; Fraser, 1968;
Anderson et al., 1992a, 1992b; Fraser and Nguyen, 2001;
Meredith et al., 2003] by examining a series of spectro-
grams or with a variety of simple automated routines. For
example, Anderson et al. [1992a] used spectrograms of their
data and examined each column for a (single) five-point
sliding average peak which sufficiently exceeded a thresh-
old power level. Similarly, Erlandson and Anderson [1996]
treated each column of the spectrogram (each column
representing �30 s) as an individual wave event and
searched for (multiple) spectral peaks exceeding a threshold
level. Loto’aniu et al. [2005] used a threshold in both
duration and intensity in electric and magnetic components
of the wave individually to identify wave events. While the
above algorithms identify the presence of wave events, they
do not extract the frequency-time (f � t) shape of the event.
Such information could be obtained using an edge-detection
[Canny, 1986] algorithm applied to the spectrogram but this
approach does not (by itself) yield any further wave
parameters. Other approaches (VLF range) have used
matched filtering to extract wave information [Hamar and
Tarcsai, 1982; Singh et al., 1999] but require a priori
knowledge of the shape of the spectrum, which limits their
generality.
[5] In the present paper we introduce a simple technique

which is nevertheless useful in automatically detecting and
characterizing wave events in time series data. This tech-
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nique is presented in the context of detecting a typical Pc1
pulsation in three-component magnetometer data but can be
applied generally to a variety of wave types and frequency
regimes, for waves recorded using ground instruments or on
satellites (particularly when the satellite data is rotated into a
field-aligned coordinate system). In section 2 we present our
methodology, which consists of identifying spectral peaks
in short segments of time series data, temporally grouping
the spectral peaks into blocks, and finally extracting useful
wave characteristics for each block (e.g., polarization ratio,
ellipticity, and wave normal direction). In section 3 we
apply our algorithm to 6 months of magnetometer data and
discuss various aspects and extensions of our technique
using this example data. In section 4 we summarize our
technique and findings.

2. Methodology

[6] We use the Fast Fourier Transform (FFT) imple-
mented in a conventional dynamic spectrogram as the
starting point for our identification algorithm [Bracewell,
2000, p. 491]. This is done for a number of reasons:
(1) dynamic spectrograms are a common method of ana-
lyzing wave phenomena and are routinely generated. Thus it
is expedient for us to use the output of the dynamic
spectrograms as a starting point for our detection algorithm;
(2) after the particular time series has been converted into a
dynamic spectrogram format, our technique proceeds in a
standard way through the analysis, regardless of the fre-
quency range or type of wave under consideration, making
this technique fairly general and independent of the type of
wave and platform upon which it is measured; (3) the
information obtained from dynamic spectrograms is partic-
ularly useful in that we can directly calculate a number of
wave parameters from it such as polarization ratio, elliptic-
ity, and wave normal orientation. These wave parameters
can be used as a further check on the identification
algorithm.
[7] In the subsections that follow, we use as an example

the magnetic field data from a triaxial search coil magne-
tometer at Parkfield, California (Geographic: (35.945�,
�120.542�), CGM: (41.61�, �56.8�), dip: 60.2�, declina-
tion: 14.7�, L value: 1.77), on 6 June 2003. This example
contains a typical Pc1 wave event and is used to demon-
strate our procedure which consists of three broad steps:
(1) for every column of the spectrogram (which represents
the spectral content of a short time period), spectral peaks
are identified whose power content is significantly higher
than the ambient noise (section 2.1); (2) given a series of
spectral peaks from step 1, we temporally group the peaks
into continuous blocks representing discrete wave events
(section 2.2); and (3) for each identified wave event,
polarization parameters are calculated which serve as a
filter for either continuity or wave quality (section 2.3).
At every step, there are a number of free parameters which
can be chosen for the specific application at hand, and these
parameters are discussed in the context of our example in
the section below.

2.1. Frequency Band Identification

[8] We begin by creating a dynamic spectrogram of a long
time series of sampled data in the usual way [Bracewell,

2000, p. 491]. In our case three time series of magnetic field
intensity are used, representing each component of our
triaxial magnetometer set. The data are sampled at fs =
40 Hz and are processed in blocks of 1 day (3,456,000
samples). The time series are then divided into consecutive
and overlapping time segments, each time segment is mul-
tiplied by a Hamming window to reduce edge effects, and
the FFT is applied to the resulting time series. In our case, we
have chosen the time segment to be Nch = 4096 samples long
(�102.4 s per time segment), with an overlap of wol �30%
(�30.7 s), resulting in 1205 time segments per day with a
�71.7 s spacing between adjacent time segments. The
particular choice of Nch and wol results in a trade-off between
frequency and time resolution (as well as information
duplication) and must be carefully chosen by the user
bearing in mind the typical characteristics of the wave, and
data in question. We note in passing that our value of wol is
not specified precisely but is given as a value with some
tolerance, e.g., wol = 30 ± 1%, and an optimization algorithm
chooses the precise overlap (for our choice of parameters) so
as to fit as many time segments into a day’s worth of data,
minimizing the number of unused samples at the end of the
(day’s) time series.
[9] In Figure 1a we show the dynamic spectrogram of the

X-component (geographic north) in greyscale, as a function
of time and frequency for the first 12 hours (local time) of
06/06/2003. The rectangle bounding the region t = 2 to t =
5.4 hours, and f = 0.5 to f = 2.5 Hz contains a typical Pc1
pulsation which is analyzed further below (Figures 1e–1h).
The vertical line at t = 2.79 hours (time segment i = 140)
indicates a time period which will be used as an example to
illustrate our peak detection algorithm (Figures 1b, 1d, 1f,
and 1h).
[10] Labeling the windowed time signals at a specific

time segment i as xi(t), yi(t), and zi(t), and the corresponding
Fourier transforms Xi ( f ), Yi( f ), and Zi( f ), we can define the
covariance matrix in the frequency domain as

J i fð Þ ¼
Xi fð ÞXi* fð Þ Xi fð ÞYi* fð Þ Xi fð ÞZi* fð Þ
Yi fð ÞXi* fð Þ Yi fð ÞYi* fð Þ Yi fð ÞZi* fð Þ
Zi fð ÞXi* fð Þ Zi fð ÞYi* fð Þ Zi fð ÞZi* fð Þ

������
������ ð1Þ

where the asterisk superscript denotes complex conjugate.
Using the off-diagonal elements of the covariance matrix
(and noting that jJilmj = jJimlj for l, m = x, y, z), we define the
signal:

Ci fð Þ ¼ jJ i12j
2 þ jJ i13j

2 þ jJ i23j
2 ð2Þ

which provides a distribution of the total cross-covariance
(squared) between all the components, as a function of
frequency. The signal Ci(f) is advantageous in that it is more
immune to random noise than the autocovariance (diagonal)
elements, since three mutually incoherent spatial signals
will, by definition, have mutual coherencies of 0, resulting
in a diagonal covariance matrix [Means, 1972]. The signal
Ci(f) is computed for every value of i to form a typical
spectrogram representing the cross covariance power
(Figure 1c).
[11] In both Figures 1a and 1c, the Pc1 pulsation (marked

by the rectangle) is clearly visible by inspection since it
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stands out sharply against the background. In order to
automate the wave identification process, our algorithm
needs to similarly estimate the background noise spectrum
against which any unusual signals should be compared. This
is achieved with a row-wise median extraction, i.e., if the
spectrogram consists of 4096 rows (representing frequency)
and 1205 columns (representing time segments), for every
frequency component we select the median value of the
1205 elements so that we are left with 4096 values,
representing the median value of the signal as a function
of frequency, throughout that day. In Figures 1b and 1d the
heavy line represents the daily median, log10[M( f )], of
Figures 1a and 1c, respectively, together with the signals

at t = 2.79 hours shown as the thin gray lines (log10[X140( f )]
and log10[C

140(f)] in Figures 1a and 1c, respectively). The
spectral peak of the Pc1 pulsation clearly rises above the
median in both cases.
[12] In Figure 1e we show the expanded spectrogram

corresponding to the rectangle in Figure 1a but with the
median removed, such that at each time segment the signal
log10[C

i( f )] � log10[M(f)] is plotted. The dashed vertical
line at t = 2.79 hours (as before) indicates the time segment at
which the spectrum in the right panel (Figure 1f) is plotted.
Note that the background signal is now distributed near unity
(zero on the logarithmic scale in Figure 1f), while the spectral
peak is several orders of magnitude more intense.

Figure 1. Frequency band identification. (a) Dynamic spectrogram of a single component of the field
and (b) frequency spectrum at t = 2.79 hours (dashed line in Figure 1a) shown in gray, daily median
shown as dark line. (c) Dynamic spectrogram of cross-covariance signal C( f ), (d) similar spectrum to
Figure 1b, corresponding to Figure 1c. (e) Expanded portion of Figure 1c with daily median removed.
Time limits indicated by rectangle in Figure 1a, (f) spectrum of Figure 1e at time of dashed line.
(g) algorithm-identified Pc1 pulsation, and (h) as in Figure 1f showing sliding window averaged signal
and threshold value at Ath = 1.
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[13] As a final step, a sliding-average window is applied to
the normalized signal and a threshold detection level is set. In
our case, the sliding average was chosen to be wslide = 1% of
the sampling frequency (or 0.4 Hz) and the threshold value
was set at Ath = 1 on the logarithmic scale, to ensure that
detected signals were at least one order of magnitude greater
than the background. The results of the sliding average and
the original signal are shown in Figure 1h as the heavy line
and light gray line, respectively, and the threshold level is
shown as the dotted line. A spectral peak is detected when the
averaged signal exceeds the threshold, resulting in three
recorded frequencies: a bottom frequency (fbot

pk = 0.91 Hz),
a top frequency (ftop

pk = 1.66 Hz), and a frequency of
maximum power (fmax

pk = 1.22 Hz), indicated in Figure 1h
as two filled circles and a diamond symbol, respectively.
[14] It is also necessary to choose a lower and upper cutoff

frequency, in our case f cutbot = 0.1 Hz and f cuttop = 10 Hz, and a
minimum width for the spectral peak, Dfpeak = 0.1 Hz. The
spectral peak is considered valid when fbot

pk > f cutbot , ftop
pk< f cuttop,

and [ftop
pk � f pkbot] > Dfpeak. In Figure 1g we show the same

dynamic spectrogram as in Figure 1e, on a lighter color
scale, and overlay the automatically identified series of fbot

pk,
ftop
pk, and fmax

pk values. As shown, there is excellent agreement
between visual and automatic identification.
[15] A few points should be noted at this stage: first, we

choose to use a median value which is a function of
frequency M(f) because the background noise spectrum
could (in some environments and/or frequency regimes) be
changing very rapidly as a function of frequency, for example,
�exp( f/f0). Using only a single median value (not as a
function of frequency) could cause the more intense parts
of the noise spectrum (lower end in our example) to cross the
threshold frequently, and the less intense parts of the spec-
trum (upper end in our example) to not cross the threshold,
even when waves are present. For this reason we consider it
vital to compare each frequency of the spectrum against the
median value at that particular frequency. Second, if there is
a long-enduring, constant frequency tone present in the data
for most of the day, the daily median value will be set to the
level of the tone, at the tone’s frequency, and the tone itself
will not be detected as a wave event. If a coincident Pc1 wave
occurs over the frequency band covered by the tone, it will be
detected only if it exceeds the tone’s amplitude by a
significant amount (set by Ath).
[16] In both cases discussed above, our detection algo-

rithm was designed to closely mimic the way a human
would manually detect wave activity by looking at a
spectrogram, i.e., by looking for intense patches, where
‘‘intense’’ means that the power in the portion of the
spectrum in question appears to be significantly larger than
surrounding values, which could vary with frequency in
some regular way. Constant tones that run across the length
of the day would be rejected as legitimate wave events both
by the human user, and our detection algorithm. However,
in cases where the data block is on the order of the wave
duration, the ‘‘data block median’’ may be set too high and
the detection algorithm (and a human user with no prior
experience) will not be able to detect the wave event. The
solution in this case is to consider data blocks that are
significantly longer than the typical duration of the wave
events being sought in order to extract a meaningful median
or to build some experience into our algorithm (to use the

human user analogy) and calculate a median value over
several data blocks. In the present case this problem is
considered very unlikely since Pc1 pulsations exhibit a
strong diurnal effect (which restrict them to durations of a
few hours), and the frequency band exhibits some drift.
[17] We examine the efficacy of our spectral peak detec-

tion technique in the presence of noise in Figure 2. The
noise is injected by generating a normally distributed time
series with a standard deviation snoisex,y,z equal to some fraction
of the standard deviation of the corresponding time series
ssigx,y,z. The noise is added directly into the output signal of
the analog-digital converter (i.e., before transfer function
compensation) to simulate electronic noise coupling into the
circuit. The rows of Figure 2 correspond to noise levels of
snoise/ssig = 0, 0.1, 0.5, and 1. Columns 1 and 2 are
computed in the same way as Figures 1f and 1h, except
for the addition of the noise. Figure 2 illustrates that even
though the spectral peak of the signal blends progressively
into the noise floor as the level of noise is increased, for a
low signal to noise ratio of 1 (bottom row) the signal is
nevertheless detectable using our method.
[18] The robustness of our detection algorithm to noise is

anticipated on theoretical grounds, since it can be shown

Figure 2. Spectral peak identification with noise. Columns
correspond to Figures 1f and 1g, with each row having
increasing noise, from top to bottom: SNR = 0, 0.1, 0.5,
and 1.
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