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a b s t r a c t

A wavelet based method of deconvoluting the solar quiet variation from the low and mid-latitude

H-component records is proposed. The resulting daily variation is non-constant, and its day-to-day

variability is quantified by functional principal component scores. The procedure removes the signature

of an enhanced ring current by comparing the scores at different stations. The method is fully

algorithmic and is implemented in the statistical software R.

Published by Elsevier Ltd.

1. Introduction

We propose a new method of estimating the Sq component of
low latitude magnetometer records. While our method builds on
the method recently proposed by Chen et al. (2007), it is different
in that it uses multiple stations and wavelet filtering.

An important part of the algorithm used to compute the Dst
(Sugiura, 1964) is estimation of the quiet daily variation, which is
essentially defined as the average of a few quiet days in a month.
The Sq component calculated this way is the same for all days in a
month, and it has been recognized that such an assumption is not
accurate. Even on quiet days, the daily variation changes very
visibly from day to day, both in its amplitude and its shape. This is
attributable to multiple dynamic drivers which include not
only tidal ionospheric winds, but also the effect of the
Chapman–Ferraro current, the Sq current, and the magnetotail
current, Xu and Kamide (2004), Chen et al. (2007), and references
therein. On storm days, the interactions of these drivers are even
more complex.

We propose a technique of isolating the low-latitude Sq
variation which relies on wavelet and functional data analysis
methods, and which is a refinement of an algorithmic step in the
construction of an index of symmetric equatorial storm activity

developed in Maslova et al. (2009). While the focus of the
procedure of Maslova et al. (2009) was on extracting symmetric
global features mainly attributable to the (enhanced) ring current,
the present paper aims at isolating LT features attributable to
ionospheric winds driven by solar heating. We do not estimate LT
features due to the storm time enhancements of the partial ring
current. A good technique for isolating Sq features should produce
curves with a high degree of appropriately measured similarity
(in LT) for neighboring stations. The LT H-component looks very
different at different stations, but during the same UT day these
different shapes are formed by approximately the same solar
drivers, so the ‘‘correlation’’ of LT curves approximating the Sq for
neighboring stations should be high. On the other hand, changes
symmetric in UT, should not be reflected in the Sq estimates.
These are our guiding principles for the construction of Sq
estimates.

The traditional method of computing the quiet daily variation
consists in finding five most quiet UT days (as measured by an
index like Kp), averaging the H-components over these five days
and smoothing. This results in a daily curve which differs across
stations, but is constant for every day in a month at a given
station. This approach has recently been improved upon by Jach
et al. (2006) and Janzhura and Troshichev (2008) who use very
different approaches and motivation, but produce estimates of the
daily variation with very similar properties. Jach et al. (2006)
focus on equatorial stations, and define the daily component as
the median of the sum of three levels in a wavelet multiresolution
analysis (MRA). The appropriate levels of the MRA isolate the time
scales characteristic of equatorial Sq, whereas the median
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produces a typical daily shape which is not affected by outliers
(large disturbances). By using a moving window of flexible length
(e.g. 30 days) an Sq which changes slowly from day to day can be
calculated. Janzhura and Troshichev (2008) focus on auroral
currents and use a more complex smoothing and outlier removal
technique to determine a gradually changing quiet daily variation
using a moving window of 30 days. By imposing certain
conditions on the smoothness of the quiet daily curve, they can
algorithmically identify quiet days. The time scales involved in
their approach are 20 min and 3 h, and, appropriately to the task
(auroral activity), are much smaller than the time scales used by
Jach et al. (2006). Both techniques are fully algorithmic, and
produce a slowly changing pattern (the curves on two consecutive
days look almost identical). Bhardwaj and Rangarajan (1998)
develop an algorithm for predicting such patterns, which
incorporates the long term secular trend, the solar cycle and
other long term variations. Their data are 24 time series (one for
each UT hour) collected over a period of 70 years, producing 840
observations (one per month) for each of the 24 series.

Our goal is not the long term modeling of the evolution of a
‘‘typical’’ Sq pattern. We aim at good estimates of dynamic Sq over
relatively short intra-annual periods capable of reflecting its often
spectacular day-to-day variability (Butcher, 1989). By providing
free software which implements our procedure, available at
http://wami.usu.edu, we would like to offer a new tool for the
community. An example of the variable Sq obtained using our
software is shown in Fig. 1.

First, in Section 2 we describe measures of similarity of curves
which we use to assess the quality of Sq estimates. We illustrate
their applicability to synthetic Sq curves in Section 3. In Section 4,
we describe the proposed new method in detail, and contrast it
with the method of Chen et al. (2007). Section 5 focuses on the
comparison of the two methods, while Section 6 concludes.

2. Measures of time-aligned similarity of curves

In this section we discuss measures of curve similarity that we
use to compare methods of Sq estimation.

Correlations are often used as a measure of association. Let Q(1)

and Q(2) be two samples of size N. The sample mean is

Q ¼ ð1=NÞ
PN

i ¼ 1 Qi, and sample variance is s2
Q ¼ ð1=ðN�1ÞÞ

ðQ�Q Þ2. The sample correlation between Q(1) and Q(2) is

rQ ð1Þ ;Q ð2Þ ¼

PN
i ¼ 1 ðQ

ð1Þ
i �Q

ð1Þ
ÞðQ ð2Þi �Q

ð2Þ
Þ

ðN�1ÞsQ ð1ÞsQ ð2Þ
:

Correlation is affected by extremely large values (outliers, see e.g.
Freedman et al., 1991, Chapters 8 and 9). In the context of this
paper, such extreme values can occur when the Sq estimate
contains storm related features, which would result in a highly
correlated data. We therefore propose a new measure of similarity
of two samples of curves.

Let the first sample is denoted Q ð1Þn ðtÞ; tA ½0; T�; n¼ 1;2; . . .ND,
the second Q ð2Þn ðtÞ; tA ½0; T�; n¼ 1;2; . . .ND. In the context con-
sidered in this paper, the interval [0,T] represents an LT day, and
ND the number of days in each sample.

We define

DnðQ
ð1Þ
n ;Q ð2Þn ; aÞ ¼

1

T

XT

t ¼ 1

jQ ð1Þn ðtÞ�aQ ð2Þn ðtÞj; n¼ 1;2; . . . ;ND

and

D̂ðQ ð1Þ;Q ð2ÞÞ ¼min
a

1

ND

XND

n ¼ 1

DnðQ
ð1Þ
n ;Q ð2Þn ; aÞ: ð1Þ

The measure D̂ðQ ð1Þ;Q ð2ÞÞ is small if the two samples have similar
time aligned features. Unlike correlation, D̂ is not shift invariant,
i.e. if a constant is added to all curves in one of the samples, the
value of D̂ will change. This is a desirable property because base
line fields should be removed form estimates of Sq variations. The
two samples do not have to be identical for D̂ to be zero.
If for each n, Qn

(2)(t)= cQn
(1)(t), for some constant c, then

D̂ðQ ð1Þ;Q ð2ÞÞ ¼ 0.
In addition to the measure of the curve similarity introduced

above we use the wavelet power spectrum to analyze the
estimated Sq.

Let Qt, t = 0, 1, y, N be the one minute estimate of the Sq of
length N.

The discrete wavelet power spectrum associated with a scale
tj ¼ 2j�1, where j = 1, 2, y, J is

P ~W ðtjÞ ¼
1

N
J ~W jJ

2;

where ~W j is a vector the wavelet coefficients obtained filtering Qt

(see Percival and Walden, 2000, Chapter 5 for more details). The
empirical power spectrum is the variance of the wavelet
coefficients. We use it to see which frequency of the estimated
Sq is most pronounced. The values of P ~W ðtjÞ should be higher for
the levels j that capture daily variations.

We test measures of curve similarity using synthetic Sq
estimates introduced in the following section.
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Fig. 1. Estimated Sq, Alibag (ABG) station during March 21–March 30, 2001.
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3. Application to synthetic Sq curves

In this section we construct synthetic examples of ‘‘good’’ and
‘‘bad’’ Sq estimates, and apply to them the curve similarity
measures described in Section 2. We simulate several pairs of
synthetic Sq estimate curves (see Figs. 2 and 3). Assume that these
pairs of curves are the estimates found using data from
neighboring stations aligned in local time (LT). The ‘‘bad’’ Sq
estimate includes some extreme values or even patterns that are
present at all stations and aligned in UT. It means that the storm

features were not completely removed. The ‘‘good’’ Sq estimate
consists of the daily pattern that stays roughly the same each day.
The amplitude of such an estimate varies slightly from day to day.
Therefore, it is an estimate of a nonconstant SQ. Finally, there are
no global features present.

Define the synthetic daily pattern as

sQ ðtÞ ¼ 0:6sin
pt

1440

� �
þ0:2sin

2pt

1440

� �
; t¼ 1; . . . ;1440:
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Fig. 2. Synthetic ‘‘good’’ Sq example. The most pronounced features are LT aligned.
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Fig. 3. Synthetic ‘‘bad’’ Sq example. Storm features are aligned in UT but shifted in LT.
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Next, we generate a ‘‘good’’ Sq estimate Qs,n
(1) (t), for which the

main features are adjusted in local time. Let

Q ð1Þs;n ðtÞ ¼ fsQ ðtÞþRsðtÞgUn;

where Un is a uniformly distributed on [0.5, 1.5] daily noise that is
the same for all stations s. Here,

RsðtÞ ¼ 0:5Vs;nsin
2pt

1440

� �
;

where Vs,n is uniformly distributed on [0, 1] noise. This is an
additive daily noise function that is different for all stations s.

Thus, Q(1)
s,n(t) simulates a ‘‘good’’ non-constant Sq estimate that

captures daily pattern aligned in local time. Day-to-day variability
is introduced by the noise variables Un and Rs(t) (see Fig. 2).

Next, we present an example of a ‘‘bad’’ non-constant Sq
estimate. Define

GðtÞ ¼ 2sin
2pt

1440

� �
I½0;720�:

Let

GsðtÞ ¼ GðtþDsÞ;

where D1 ¼ 0, D2 ¼ 360, D3 ¼ 520, D4 ¼ 720. Here, D represents
the shift of the pattern that occurs when some UT features are not
removed properly.

Set

Q ð2Þs;n ¼ fsQ ðtÞþRsðtÞþGsðtÞXngUn;

where Xn is a Binomial random variable with p= 0.3.
Fig. 3 presents an example of a ‘‘bad’’ Sq estimate where the

extreme spikes are not aligned in time. The same happens when
the global storm features are not removed from the quiet day
component estimate.

Next, we simulate both ‘‘good’’, Qs,n
(1), and ‘‘bad’’, Qs,n

(2), Sq
estimate curves for four stations during 15 days, i.e. s = 1, y, 4,
n = 1, y, 15. These curves are used to evaluate the curve
similarity measures introduced in previous section. The associa-
tions between simulated data sets for different stations are
roughly linear, therefore the correlation analysis is appropriate.
Panel (a) of Fig. 4 provides the correlations for two simulated Sq
estimates. Since we generate data for four stations we get six
different combinations, hence, six correlation values for each Sq
method. We conclude that correlations separate these two
synthetic Sq estimates. Correlations capture the shifts in time D,
but are not sensitive towards changes in the amplitude.

However, in case of real data simple correlation does not
perform as good as for simulated data. First, the association of Sq
extracted from real magnetometer data from different stations is
not linear. Second, if the method of Sq estimation fails to remove
most of the storm features the correlation values become very
high. In that case the high correlation is due to the extremely large
values in Sq estimate which are attributable to the remaining
storm signature. Therefore, a clearly ‘‘bad’’ Sq estimate gives high
correlation values. Panel (b) of Fig. 4 shows that minimized
average distance clearly distinguishes between the ‘‘good’’ and
‘‘bad’’ Sq estimates.

4. Estimation of a non-constant solar quiet daily variation

A method of natural orthogonal components, which we call
here the principal components, to identify the solar quiet
variation is introduced by Golovkov et al. (1978). Like for Chen
et al. (2007), this observation is the starting point of our method.
We, however, introduce a number of important refinements.

First, a wavelet-based representation of the data is introduced.
Let, Xs = {Xs, t, t= 1, y, N} be the magnetogram recorded at station
s = 1, y, m, where N is the length of the record in minutes, e.g.
two months. We can write it as

XsðtÞ ¼
XJ

j ¼ 1

Ds;jðtÞþSs;jðtÞ;

where Ds, j = {Ds, j (1), y, Ds, j (N)} are the details, and Ss, j = {Ss, j

(1), y, Ss, j (N)} is the smooth. Here, j = 1, y, J is the
multiresolution analysis (MRA) level. The details capture the part
of the records that corresponds to the frequencies in the range
from 2� j�1 to 2� j cycles per minute. For further details see
Percival and Walden (2000, Chapter 5).

The Sq component is most clearly pronounced in the MRA
details Ds,j for levels j= 8, 9, 10. These levels capture different
parts of the Sq spectrum; level j=8 captures approximately the 6 h
periodic component, j = 9–12 h component, and j = 10–24 h
component. However, these details are enhanced during a storm.
Comparing the records from several stations we can clearly see
that these disturbances are aligned in UT. Therefore, they are not
the part of Sq and should be removed. To remove storm associated
features we use the storm index introduced in Jach et al. (2006)
and improved by Maslova et al. (2009). Four Dst stations are used
to construct the storm activity index (see Table 1). However, one
can use any roughly equispaced equatorial stations. The stations
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Fig. 4. Measures of curve similarity for ‘‘good’’ (G) and ‘‘bad’’ (B) Sq estimates: (a) correlation, (b) minimal average distance (ND=15).
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used for storm index estimation must not include the stations
where Sq is to be estimated.

Let, I(t), t = 1, y, N be the storm index of Maslova et al. (2009)
reflecting the strength of the ring current. We remove I(t) from
the H-component of all the stations used in the study.

After removing the storm index from the data, we perform the
multiresolution analysis (MRA), using maximum overlap discrete
wavelet transform MODWT and LA(8) filter. We can write it as

XsðtÞ�IðtÞ ¼
XJ

j ¼ 1

Ds;jðtÞþSs;jðtÞ; t¼ 1; . . . ;N:

Let

Ds;Q ðtÞ ¼Ds;8ðtÞþDs;9ðtÞþDs;10ðtÞ; t¼ 1; . . . ;N

be the part of the signal that includes practically all frequencies of
the daily component spectrum. The subscript ‘‘Q’’ stands for
‘‘quiet’’ daily component.

We therefore postulate that

Ds;Q ðtÞ ¼ QsðtÞþRsðtÞ; t¼ 1; . . . ;N;

where Qs is identified with the solar quiet daily periodic
component and Rs is the residual effect of a storm. Next, we
apply principal component analysis techniques to estimate the
daily variation Qs. We convert Ds,Q into functional objects, i.e. daily
functions that start at UT midnight. Using principal component
analysis we can write (t0 is the time in minutes within one day)

Ds;Q ðt
0Þ ¼ msðt

0Þþ
X1
j ¼ 1

gs;jus;jðt
0Þ; t0 ¼ 1; . . . ;1440;

where msðt
0Þ is the daily mean, gs;j is a score vector for j th PC, and

us,j is the j th PC for station s.
Denote the number of days by ND = N/1440. We assume that

the periodic component for day i = 1, y, ND is

Qs;iðt
0Þ ¼ msðt

0Þþg�s;1;ius;1ðt
0Þ; t0 ¼ 1; . . . ;1440; ð2Þ

where msðt
0Þ is the daily mean, g�s;1;i is a filtered score for the i th

day described below. The function us;1ðt
0Þ is the first PC for station

s. In (2) msðt
0Þ and us;1ðt

0Þ are deterministic functions defined over
the 24-h interval, and g�s;1 are random weights that change from
day to day. Hence, the extracted Sq, Qs(t), is non-constant. Note
that Qs;iðt

0Þ where t0 ¼ 1; . . . ;1440 and i = 1, y, ND is the same
daily periodic component as Qs(t) where t = 1, y, N split into
daily functions.

Even after removing the storm signature from the magnet-
ometer records the three selected MRA levels may still contain
residual storm features. Daily scores of the first PC, gs;1, show
extreme values during the days when a storm occurred. Therefore,
they contain the residual signature of the storm which should be
removed.

Let Ms,1 = median ðgs;1;i; irNDÞ be the median first principal
component score for station s. Further, let p0.90,s denote the 90th
percentile of the absolute value of the daily median adjusted

scores for station s, i.e. jgs;1�Ms;1j. We define

g�s;1 ¼
Ms;1 if jgs;1�Ms;1j4p0:90;s for all s;

gs;1 otherwise;

(
ð3Þ

where Mgs;1
is the median score of station s. This means that to

eliminate the residual storm effect from the daily scores we find
the largest 10% of the scores jgs;1�Ms;1j for each station s

individually. If the extreme value is captured by all stations we
replace it by the median score, Ms,1, of the corresponding station.
The scores g�s;1 defined in (3) are used to compute the daily
periodic component Ps defined in (2). In order to get better Sq
estimate it is necessary to use records from at least two stations.
Otherwise there is no way to eliminate the residual global
features, as described above.

Decomposition (2) is akin to the ideas of Xu and Kamide (2004)
and Chen et al. (2007), who argued that the first principal
component follows the pattern of the daily Sq-variation. However,
while these authors work with the raw magnetometer records, we
first remove the global storm signature to eliminate the storm
effect and then apply a wavelet filter to the data and use just the
levels that contain the periodic component. So, in our paper, to
estimate daily periodic component Qs, we eliminate the global
storm features that are not the part of Sq. We compute the first PC
of Ds,Q rather than the first PC of the raw magnetometer data with
some seasonal adjustments which do not remove the storm
activity from the Sq. Our method combines data from multiple
low latitude stations.

5. Comparison of the Sq estimates

The goal of this section is to provide a detailed comparison of
the Sq estimate introduced in Section 4 and the method proposed
by Chen et al. (2007). We refer to the approach proposed here as
the new method and the approach of Chen et al. (2007) as the
alternative method.

First, we introduce the data used for this comparison. We use
the H-component of the ground-based magnetometer records.
Table 1 provides the list of the geomagnetic stations used in our
study. As mentioned in Section 4, first, we remove the storm index
from the raw data. The storm index is computed from four Dst
stations: Hermanus, Kakioka, Honolulu, San Juan.

We compare the estimates of the daily variation for the
following pairs of stations: (1) Alibag (ABG) and Phuthuy (PHU),
(2) Tucson (TUC) and Fredericksburg (FRD). Note that the stations
in each pair are relatively close to each other, so that the data used
for Sq extraction is generated by the same ionospheric configura-
tion (see Fig. 5).

We present the results for two periods of time: a one month
period, February 2001, and two month—March–April 2001. The
main difficulty of the Sq estimation occurs during geophysically
disturbed time, hence the choice of the time intervals. February
2001 is a relatively quiet period of time, the second period,
March–April, contains several extremely strong storms, one of
them took place on March 31, 2001 (see Fig. 6).

Fig. 7 provides a visual comparison of the two Sq estimates to
the raw magnetometer records. One can see that the new Sq
(dashed line) follows the quiet daily pattern (solid line) for both
quiet and disturbed times. However, the alternative Sq (dotted
line) is very affected by the extreme values of the storm signature.
During the storm it drops up to �400 nT, which definitely
contradicts the Sq definition. The new procedure eliminates the
global storm effects, therefore, the Sq remains stable during very
strong storms with only a mild enhancement during the sudden
commencement phase (see bottom panel of Fig. 7). The poor

Table 1
Geomagnetic observatories used in this study.

s Name Colatitude Longitude

1 Hermanus* (HER) 124.43 19.23

2 Alibag (ABG) 71.38 72.87

3 Phuthuy (PHU) 68.97 105.95

4 Kakioka* (KAK) 53.77 140.18

5 Honolulu* (HON) 68.68 202.00

6 Tucson (TUC) 57.82 249.27

7 Fredericksburg (FRD) 51.80 282.63

8 San Juan* (SJG) 71.89 293.85

Stations used to estimate the ring current activity are labeled with *.
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performance of the alternative method during the quiet period
shown in the top panel of Fig. 7 is due to the presence of storms
during the two month period used to construct these Sq
estimates. If a shorter period without strong storms is used for
the estimation then the alternative method gives results
comparable to the new procedure. Long quiet periods are,
however, rare.

As part of the analysis, we compare the wavelet based power
spectrums of the Sq obtained using our technique, the alternative
methodology, and raw data. Fig. 8 presents an example of the
empirical wavelet power spectrum based on MODWT for j = 1, y,
13. Note that the daily variations are captured by levels j = 8, 9,
10. We can see that the raw data (circles) have a significant daily
component present, as well as larger scale variations. A good Sq
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Fig. 5. Magnetic field H-component recorded at ABG, PHU, TUC, and FRD stations during February 2001.
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estimate should mostly capture the daily periodic component. The
higher and lower frequency variations should be insignificant.
One can see that our Sq estimate captures the daily variability,
and the largest spectrum values are at j = 8, 9, 10, which is a
desirable property (see the line with stars in Fig. 8). The spectra of
the alternative Sq estimate roughly follows the raw data spectra.
The daily component is not significant (see the line with crosses in
Fig. 8). The highest values are observed for levels j410, which are
associated with variations on scales larger than the daily scale.

Finally, we find the measure of the curve similarity D̂ for two
pairs of the stations used in our study. Table 2 provides the
quantitative results. The minimized average distance between the
Sq estimates at neighboring stations is smaller for the technique
introduced in this paper. This means that our proposed procedure
extracts the local time aligned features better.

6. Conclusions

We introduce an automated procedure of extracting the Sq
signature from the H-component of low-latitude magnetometer
records. Wavelet and functional analysis techniques are applied.
The methodology proposed here uses the index of storm activity
to remove the main storm features as an initial step. In order to
extract the daily variation we use the data from multiple stations.
Multiresolution analysis is used to better isolate the part of the
signal that captures the Sq component. We use the functional
principal component approach to estimate the nonconstant daily

variation. Our methodology gives the Sq estimate that extracts the
local time features in a more accurate way and is more stable than
other methods.
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