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Abstract

The spatio-temporal distribution characteristics of thermospheric mass density have been
given more attention with an increasing demand for spacecraft launches and low Earth
orbital prediction. More and more patterns of spatial structure and temporal variation
are being discovered. Notwithstanding these developments, the study of spatio-temporal
coupling in characteristics analysis remains quite limited. In this study, we use a co-clustering
method to explore and analyze the spatio-temporal coupling structural characteristics

of thermospheric mass density. The processed GOCE satellite dataset is divided into 5
temporal clusters and 20 spatial clusters by the co-clustering method. In terms of spa-

tial structure, the density has an obvious zonal distribution structure and hemispheric
asymmetry. Moreover, due to the influence of the Earth’s magnetic field, there is an av-
erage angle about 2.00° between the band structure and the latitudinal circle. In terms

of temporal structure, the temporal patterns of density can be grouped into five period
types, namely the quiet period, the moderate activity period, the event period, the os-
cillation period and the recovery period. And significant positive correlation can be found
between the F10.7 indices and the temporal density variation. This study explores the
spatial structure and temporal pattern of thermospheric mass density and its driving forces
from the perspective of spatio-temporal coupling based on a statistical method, which

can provide a new idea of spatio-temporal coupling method for spatio-temporal evolu-

tion of thermospheric mass density.

1 Introduction

Thermospheric mass density has a significant impact on spacecraft launches and
low Earth orbital prediction since it is the primary source of the atmospheric drag(Emmert,
2015; Doornbos et al., 2008), which has complex spatio-temporal variations and response
characteristics commonly driven by solar ultraviolet irradiance, solar wind, energetic par-
ticles from the magnetosphere, and waves originating from the lower atmosphere(P. Wang
et al., 2022). It is essential to better analyze and explore the spatio-temporal character-
istics of the thermospheric mass density to guide the space exploration.

With continuous research on the observational data of the thermospheric, the vari-
ation pattern of thermospheric mass density is not only related to temporal changes (The
seasonal changes, the semiannual changes, daily changes, etc.) but also closely related
to spatial changes(Changes in latitude and longitude, changes in polar regions), as well
as anomalies such as thermospheric storms, night enhancement, equatorial anomalies,
longitude distribution, and irregular polar structures(Emmert, 2015; Liu et al., 2007; Qian
& Solomon, 2012). In terms of spatial structure, Walterscheid et al. (Walterscheid & Crow-
ley, 2015) studied the spatial structure of thermospheric mass density during geomag-
netic calm and active periods using the TMEGCM model and provided a detailed in-
terpretation of its low and high-density regions. Thermospheric mass density exhibits
hemispheric asymmetry (Meier et al., 2015), and overall thermospheric mass density ex-
hibits a slightly higher structure in the southern hemisphere than in the northern hemi-
sphere, and the maximum value occurs in the equatorial region. In terms of temporal
pattern, related studies (Lei et al., 2011; Danilov et al., 1992; Haris et al., 1994; Weng
et al., 2018) show the significant variation in atmospheric mass density with diurnal, sea-
sonal and annual/semi-annual variation, especially, both amplitude and phase of the ther-
mospheric mass density seasonal variations have strong solar activity dependences(Weng
et al., 2018). Many scholars have used empirical models and spatial statistics to reveal
the characteristics of the temporal variation of the thermospheric(Yuan et al., 2019; Mehta
et al., 2017; Ren et al., 2021), but the temporal and spatial characteristics are often not
closely linked in these analyses. Considering the universal connection between tempo-
ral and spatial features within geographic phenomena(Deng et al., 2013), the density dis-
tribution characteristics of spatial and temporal are not independent but coupled with
each other. Therefore, it is especially important to adopt an analytical method that can
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establish the coupling of temporal and spatial features to analyze the temporal and spa-
tial evolution characteristics of thermospheric atmospheric density.

As one of the common methods to study the spatial and temporal differentiation
of geographical phenomena, clustering analysis groups the data with similarities to iden-
tify the internal structure and numerical divergence patterns of data sets, and discov-
ers the divergence pattern within the data(Andrienko et al., 2009), it is particularly ef-
fective for exploring the hidden features within geographical phenomena. Clustering meth-
ods are particularly useful in atmospheric and space weather studies because the results
of clustering over large regions and long time scales are more practical than those sum-
marized from short time observations of several locations(Zirlewagen & Wilpert, 2010).
The spatial clustering and temporal clustering methods have been used by many schol-
ars to study the atmospheric spatial and temporal divergence patterns. For example, Wang
et al. investigated the spatial and temporal patterns of atmospheric ozone pollution by
Spatio-temporal Shared Nearest Neighbor clustering algorithm(S. Wang et al., 2013), Zhao

et al.used clustering to explore anomaly correlation and to reveal how global climate model(GCM)

forecasts perform as time progresses(Zhao et al., 2017). Ma et al. clustered potential flar-
ing active regions by applying Distance Density clustering on individual parameters and
further organized the clustering results into a multivariate time series decision tree and
addressed the problem of flare prediction(Ma et al., 2017). However, the spatial diver-
gence patterns obtained using spatial clustering methods alone do not reveal time-varying
behavior, and vice versa. Thus, a clustering method that can obtain spatial and tem-
poral divergence patterns is needed to explore the spatial and temporal coupling char-
acteristics. Co-clustering is able to show its variation with time and space by perform-
ing both temporal and spatial clustering of the thermospheric atmospheric density, es-
tablishing its coupling characteristics in both temporal and spatial dimensions. There-
fore, we use a co-clustering algorithm to cluster thermospheric mass density data, and
study the spatio-temporal structure and patterns of thermospheric mass density under
the interaction and interplay of time and space.

In the first section, we systematically analyze changes in spatio-temporal charac-
teristics of thermospheric mass density. The second section briefly introduces the data
sources and overall framework of the methods. The third section analyzes the tempo-
ral and spatial characteristics of thermospheric mass density based on the spatio-temporal
co-clustering, and discusses the dynamic evolution of spatial structure and temporal pat-
terns and driving force based on the co-cluster result. Finally, we summarized conclu-
sion, and explained the feasibility of our results.

2 Data and Method
2.1 GOCE Data

GOCE (Gravity field and steady-state ocean circulation explore) satellite thermo-
spheric mass density data with better observation continuity and quality, have been used
to study the characteristics of gravity wave distribution at various scales and the sea-
sonal variation distribution pattern, increasing our understanding of the variation pat-
tern of the thermospheric mass density (Forbes et al., 2016; Liu et al., 2017). We use the
GOCE satellite data from November 1, 2009, to October 20, 2013, including 1450 days.
Its latitude coverage is from 83. 5° S to 83° N and the average altitude naturalized to
270km altitude. Due to the inconsistency between the sampling interval of the satellite
and the revisit period of the satellite, it is difficult to have multiple consecutive data at
the same location, which results in extremely sparse satellite data in space. So we di-
vide the globe into a 2°x2° grid so as to organize discrete GOCE satellite data regularly,
and treat one day of sample points within the same grid as one data set. If there are mul-
tiple sample points on the same grid, the average value of the sampling points is taken
as thermospheric mass density. In addition, since the thermosphere has a thickness, the
whole thermosphere is a three-dimensional space. We stretch the three-dimensional ther-
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mospheric space into a two-dimensional thermospheric plane to study the horizontal struc-
tural characteristics of the thermospheric mass density. Then, we divide the globe into
16,200 grids by unfolding the two-dimensional plane as a 2°x2° grid to achieve one-dimensional
spatial properties. Finally, one day as a basic unit in temporal dimension. In this way,
the dimensional division of spatio-temporal co-clustering is achieved.

2.2 Overall framework of the methods

After preprocessing the data, the data are analyzed using co-clustering to explore
the internal spatial and temporal characteristics, and divided the spatial and temporal
clusters. Then, geoderector is used to determine the most appropriate number of clus-
ters. For the co-clustering results, they are spread spatially to explore their spatial char-
acteristics and the angle of the zonal distribution structure, and spread temporally to
explore the temporal characteristics and compared with the relevant space weather in-
dices.

2.2.1 Co-clustering

Co-clustering is used to explore the internal spatial and temporal characteristics,
and divided the spatial and temporal clusters. Clustering analysis is an important un-
supervised learning method. The essential idea of clustering analysis is to divide data
objects with similarities into one group. It divides the data set into several groups by
a certain criterion (such as distance or similarity of objects), and each group is called
a cluster. Traditional clustering methods can be divided into two types: one is to clus-

ter samples based on all variables, and the other is to cluster variables based on all samples(Gore,

2000). These two types of methods only cluster samples or variables, so they are often
referred to as unidirectional or one-way clustering. Different from one-way clustering,co-
clustering is the clustering of data blocks (subsets of data), which is based on the sim-
ilarity of element values within the data matrix, forming a sub-matrix partitioning scheme
so that the sub-matrices elements are as similar as possible, thus achieving simultane-

ous clustering in both spatial and temporal dimensions.

Both temporal clustering and spatial clustering are one-way clustering, which is only
based on a certain dimension. Figure 1(a) shows thermospheric mass density example
data (The values do not represent the real density), Figure 1(b) treats space as an ob-
ject and time as its property to obtain a spatial group with similarity in time, Figure
1(c) treats time as an object and space as its property to obtain temporal group with
similarity in space. Unlike one-way clustering, two-way clustering can cluster both time
and space, dividing data that are similar in both time and space into the same spatio-
temporal group, in which both spatial and temporal values are similar, as in Figure 1(d).
Due to the sparseness of data, the clustering method we used is Biclustermd (Li et al.,
2020; Reisner et al., 2019), which is suitable for datasets with missing values and proved
to have good performance for very sparse data in an agricultural application and a movie
rater application(Li et al., 2020).

2.2.2 Geodetector

Geodetector is used to determine the most appropriate number of clusters. Geode-
tector is a statistical method to detect spatial dissimilarity and to reveal the driving forces
behind it(J. Wang & Xu, 2017), which has been widely used in natural sciences, social
sciences, environmental sciences and human health(Dong et al., 2017; Ju et al., 2016; Gao
et al., 2016). In this study, the reliability of co-clustering results is assessed by the g-statistic
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Figure 1. Schematic diagram of co-clustering (Modified from (Wu et al., 2020) ). (a) Ther-
mospheric mass density data matrix, T; denotes the time dimension, S; denotes the spatial
dimension. (b) A group with temporal similarity obtained by spatial clustering. (c¢) A group with
spatial similarity obtained by temporal clustering. (d) Co-clustering to obtain spatio-temporal

groups with similarity in both time and space dimension.

in geodetector to measure, and the expression is as follow:

L
> Nuoy
q=1- h=1
No2

Where: L is the strata of variables,that is cluster in this paper; Nj, and N are the
number of units in strata h and the whole area, respectively; o7 and o2 are the squares
in strata h and the whole area, respectively. The value range of ¢ is [0,1]. Larger value
of ¢ indicates more pronounces heterogeneity.

2.2.3 Calculation of angle of zonal distribution structure

The process of calculating the angle of zonal distribution structure is divided into
four main steps. Firstly, for structures composed of clusters of the same spatial clusters,
the average of the latitudes on the same longitude is obtained to get the center point A(Xon, Yiat)-
Secondly, binomial fitting is carried out with the center points of these different longi-
tudes. The vertex of binomial is the lowest point or the highest point of the whole struc-
ture, and the plane passing through this vertex is the axial plane. Thirdly, these cen-
ters are projected on the plane where the axis plane is located, and their corresponding
positions on the plane are obtained. For a given central point A(X;,n, Yiat), the equa-
tion for its projection onto the axis plane is as follows:

X =R« (1 —cosXion)
Y = RxsinYj

Where X, is the longitude of the center point A; Y}, is the latitude of the center point
A; X is the horizontal coordinate of the projection of the center point A on the axis plane;
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Y is the vertical coordinate of the projection of the center point A on the axis plane; Xg
is the longitude of the longitude circle where the axis plane is located; R is the radius

of the earth. Finally, the slope of the projection of the zonal distribution structure on

the axial plane is fitted according to the projected coordinates, and the angle is calcu-
lated by the slope. Considering that the zonal distribution structure is symmetrical about
the axis plane, each zonal distribution structure needs to find the inclination angle on
both sides of the axis plane by this method, and the average value of the inclination an-
gle on both sides is used as the inclination angle of this zonal distribution structure.

3 Results and Discussion
3.1 Spatio-temporal pattern

Based on the pre-processed two-dimensional spatio-temporal dataset of thermospheric
mass density, the data is organized into a data matrix, where the rows represent total
14940 ( 83 x 180 ) grids for the spatial dimension and the columns represent 1450 days
for the temporal dimension. The analysis is then performed using a co-clustering method
in Section 2.2. To determine the spatial clusters and temporal clusters, clustering anal-
ysis is performed using the number of spatial clusters and temporal clusters with step
lengths of 2 from 10 to 40 and 1 from 3 to 7, respectively. The clustering results are eval-
uated using the geodetector g-value in Section 2.3. Finally, the results show that the clus-
tering effect is better when the temporal clusters is 5 and the spatial clusters is 20. At
this time, the g-value of the geodetector is 0.7948, indicating that the result has good
differentiation(Dong et al., 2017).

The co-clustering results are shown in Figure 2(a). The horizontal axis represents
14940 grids in the dataset, arranged in the order of belonging to the same spatial clus-
ters, the vertical axis represents the 1450 days in the dataset, arranged in the order of
belonging to the same temporal clusters. The black solid lines represent the boundary
of different spatial clusters and temporal clusters. And the color indicates the mass den-
sity value, especially, white means the data is empty because of data sparsity. It can be
seen that the density values of the same cluster are relatively close, the boundaries be-
tween different clusters are relatively obvious, which means that co-clustering analysis
can be a good way to construct spatial and temporal characteristics of thermospheric
mass density considering the sparsity of the data. Since both temporal and spatial pa-
rameters are considered in the clustering calculation process, the results of co-clustering
well establish the coupling relationship between temporal and spatial dimensions, which
is obviously different from the traditional study of thermospheric mass density in which
only its spatial structure or temporal characteristics are considered alone. It solves the
shortcoming of uncoupled spatio-temporal characteristics in the traditional analysis, which
is significant for the construction of a spatio-temporal coupled thermospheric analysis
model and discovering more structural characteristics about the thermospheric mass den-
sity from the perspective of spatio-temporal coupling.

The results of spatio-temporal co-clustering in Figure 2(a) are expanded in space
to obtain the spatial pattern and evolutionary dynamics of thermospheric mass density
as shown in Figure 2(b). The spatial structure of thermospheric mass density at differ-
ent time periods in Figure 2(b) all show obvious latitudinal divergence, that is, the spa-
tial structure is dominated by latitudinal variation and shows the overall characteristics
of higher density at the poles and lower density at the equator. And the density change
in the southern hemisphere is more pronounced than that in the northern hemisphere.

The results of spatio-temporal co-clustering in Figure 2(a) are expanded in time,
and the temporal clustering change curves are plotted according to the five temporal clus-
ters, as shown in Figure 2(c). Curve A represents the original temporal clustering results
in co-clustering, and curve B is obtained by removing outliers which is lager differences
in cluster with adjacent time, and the same height indicates the same groups, which the
height from low to high is Clusterl, Cluster2, Cluster3, Cluster4, Cluster5. Since the pur-
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pose of co-clustering is to measure the similarity of the density in the temporal dimen-
sion and the spatial dimension at the same time, so the group of time does not show con-
tinuous segmentation under the influence of space. Figure 2(c) shows the short-period
variation in thermospheric mass density over time periods.

Throughout the study period, there are some series of time periods with overall high
thermospheric mass density, which indicates the existence of external driving forces to
make the density change with time. And from the spatial perspective, there are obvi-
ous spatially divergent characteristics of the thermospheric atmospheric density. In the
following, we will reveal its structural features from the spatial and temporal dimensions
based on the results of co-clustering.

3.2 Spatial structure and dynamic evolution

The co-clustering method aggregates the density values with spatial-temporal sim-
ilarity into the same group. The result of Figure 2(b) well reflects the macroscopic spa-
tial structure characteristics of the thermospheric atmosphere at long time scales, i.e.,
thermospheric mass density shows hemispheric asymmetry, thermospheric mass density
in the southern hemisphere is slightly higher than that in the northern hemisphere, and
the maximum value occurs in the equatorial region(Meier et al., 2015). This conclusion
is similar to many studies on the spatio-temporal pattern of the thermospheric atmo-
sphere, such as zonal distribution structure (Emmert, 2015; Liang et al., 2015), hemi-
spheric asymmetry (Meier et al., 2015), and so on.

It is obvious through Figure 2(b) that there is an angle between the zonal distri-
bution structure of thermospheric mass density and latitudinal circle. Based on this idea,
the angle between the approximate axis of the zonal distribution structure and latitu-
dinal circle is obtained by the method in section 2.4, and the results are shown in Ta-
ble 1(considering the deformation in polar regions, only the complete zonal distribution
structure in the range of 60°N to 60°S is selected here). The results of Table 1 show that
the multiple zonal distribution structure all exhibit a certain angle of entrainment(average
angle about 2.00°), and the axial plane tends to fluctuate around the line from 12°W
to 168°E. This phenomenon is close to the dip of the Earth’s magnetic axis(70°W to 110°E.),
it is statistically significant to show that the spatial density distribution of the thermo-
spheric is influenced not only by various types of solar activity, but also by the Earth’s
own magnetic field. This result is coupled with studies on the Earth’s magnetic field(Laundal
et al., 2017; Lei et al., 2012). Not only can the thermospheric influence the distribution
of the Earth’s magnetic field through solar wind and ionization, but the Earth’s mag-
netic field can also influence the density characteristics of thermospheric by acting on
charged particles.

3.3 Temporal patterns and driving force

Based on Figure 2(c), it can be concluded that thermospheric mass density shows
a periodic variation under the action of external driving forces. It has been shown by
related studies that thermospheric mass density is closely related to changes in factors
such as solar activity and geomagnetic activity, such as solar EUV and UV radiation,
high-energy particle deposition in the polar regions, magnetospheric plasma convection,
and various atmospheres uploaded from the middle and lower atmospheres to the up-
per atmosphere(Rostoker et al., 1998; Baker & Kanekal, 2008; Liu & Liihr, 2005). This
external energy will heat the thermospheric atmosphere, causing the ionization and de-
composition of various components in the thermospheric, and then driving the changes
in thermospheric mass density.

F10.7 and Ap are two typical space weather indices that are often considered as
important driving force of thermospheric changes, so it is important to explore the re-
lationship between these two indices and the co-clustering results. The joint analysis of
the density clustering characteristic curves and the associated space weather indices re-
sulted in Figure 3 and Table 2, Table 3. From the Figure 3, it can be seen that the tem-
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Table 1. The angle between the approximate axis of the zonal distribution structure and the

latitudinal circle

Cluster Angle (°) Axial Plane

Cluster2N 2.74 29° W to 151° E
Cluster2S 2.01 9° W to 171° E
Cluster3S 1.95 7° W to 173° E
Clusterd N 1.81 3° Wto 177° E
ClusterdS 1.43 5° W to 175° E
ClusterbS 1.62 7° W to 173° E
Cluster7S 1.31 15° W to 165° E
Cluster8N 3.94 27° W to 153° E
Cluster9S 1.15 3° Wto 177° E
Average 2.00 12° W to 168° E

poral clustering curve and the F10.7 curve fit well, when the density is at Clusterl, F10.7
is low overall, at Cluster2, F10.7 is moderate overall, when Cluster3, F10.7 is high over-
all, when Cluster4, F10.7 is in a fluctuating period overall and fluctuate in a wide range,
while Cluster5 is in a time series that belongs to a period immediately following the large
fluctuation of Cluster4 after the small fluctuation period. Taking the clustering results

of the three classes Clusterl, Cluster2, and Cluster3 (Considering that the values in clus-
terd and clusterb fluctuate widely and represent a fluctuating period, only the clusterl,
cluster2, cluster3 that represent different densities are considered when establishing the
correlation link) characterizing the density size and the F10.7 curve for correlation anal-
ysis, the Pearson correlation coefficient is calculated to obtain p = 0.755, it suggests a
significant positive correlation between the temporal patterns of thermospheric mass den-
sity and F10.7. The curve characteristics shown in Figure 3 are also more consistent with
the statistical results of F10.7 in Table 2. This series of features indicates that the tem-
poral patterns of thermospheric mass density are strongly influenced by the solar activ-
ity on the time scale, and the overall temporal density characteristics are closely related
to the variation of the F10.7, and to some extent, the variation pattern of the F10.7 in-
dex can be used to characterize the temporal density variation pattern of the thermo-
spheric mass density.

According to the comparing results and the intensity of the solar activity repre-
sented by F10.7, the five temporal clusters clusterl, cluster2, cluster3, cluster4, and clus-
terb of the thermospheric mass density can be classified into the quiet period, the mod-
erately active period, the event period, the oscillation period and the recovery period,
respectively, which can characterize well the effect of solar activity on thermospheric mass
density. This shows that co-clustering can well analyze the temporal characteristics of
thermospheric mass density.

Combining Figure 3 and Table 3, it can be found that there is no obvious corre-
lation between the clustering result and Ap, where p = 0.065 (Taking the clustering re-
sults of the three classes Clusterl, Cluster2, and Cluster3 characterizing the density size
and the AP curve for correlation analysis). This shows that geomagnetic activity has no
direct influence on the temporal variation of the thermospheric mass density. Combined
with spatial analysis, it can be seen that geomagnetic field has obvious influence on the
spatial pattern of characteristics in the thermospheric mass density, but it has no ob-
vious driving effect on the density change in temporal scale.



Table 2. F10.7 intensive statistics under different clusters

Cluster Total (d) low Moderate High Very High

C1 o577 252 280 45 0
C2 366 0 55 290 21
C3 273 0 27 212 34
Cc4 92 0 7 82 3
C5 142 0 17 125 0

Table 3. AP statistics under different clusters

Cluster Total (d) Quiet Unsettled Active Minor Storm Major Storm

C1 577 442 101 28 5 1

C2 366 205 89 55 15 2

C3 273 211 40 14 8 0

C4 92 61 18 10 2 1

Ch 142 84 32 23 0 3
3 4 Conclusion
304 In this paper, the spatio-temporal coupling characteristics of thermospheric mass
35 density are analyzed from the spatio-temporal correlation of natural phenomena features,
326 using co-clustering method considering both from the temporal and spatial dimensions,
37 exploring dynamic evolution of spatial structure and driving force of temporal patterns.
328 Temporal structural characteristics are closely related to solar activity. And temporal
329 patterns of thermospheric mass density can be concluded into five periods, namely the
330 quiet period, the moderate activity period, the event period, the oscillation period and
331 the recovery period, which can characterize well the effect of solar activity on thermo-
332 spheric mass density. Especially, there is a significant positive correlation between the
333 F10.7 indices and the density temporal variation. And the F10.7 indices can be used to
334 some extent to characterize the global thermospheric mass density, considering the dif-
335 ficulty of thermospheric mass density measurement. The spatial structural character-
336 istics show obvious zonal distribution structure, in which the equatorial region and the
337 middle and low latitudes of northern latitude have obvious structures and boundaries,
338 but there is no obvious structure in the southern hemisphere and the poles. There is an
339 average angle about 2.00° between the band structure and the latitudinal circle because
340 of the influence of the Earth’s magnetic field. Not only can the thermospheric influence
3m the distribution of the Earth’s magnetic field through solar wind and ionization, but the
342 Earth’s magnetic field can also influence the density characteristics of thermospheric by
343 acting on charged particles.
344 At present, this research is only a rough exploration and analysis of the spatio-temporal
35 structure of thermospheric mass density on a large scale. Since the statistical method
346 from data is used in this paper, it is not possible to explain the inner formation mech-
347 anism of statistical phenomena, such as the dip angle phenomenon of the band struc-
38 ture. There are still many factors that have not been considered, such as the influence
349 of different parameters (geomagnetic, gravity waves). This paper only analyzes the tem-
350 poral and spatial characteristics of thermospheric mass density from a holistic perspec-
351 tive, and some local anomalous details need to be further explored. Many spatio-temporal
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phenomena and spatio-temporal structures are still on the surface, and their internal mech-
anism needs further explanation.

5 Data Avaliability Statement

Thermospheric mass density data of GOCE used in the present paper are from TUDelft
(ftp://thermosphere.tudelft.nl/)
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Figure 2. (a) Spatio-temporal co-clustering results of thermospheric mass density, the hori-
zontal axis represents 14940 grids in the dataset, arranged in the order of belonging to the same
spatial clusters, the vertical axis represents the 1450 days in the dataset, arranged in the order of
belonging to the same temporal clusters, the black solid lines represent the boundary of different
groups of time and space, and the color indicates the density value; (b) Spatial clustering result,
1-20 represent 20 groups of spatial clusters; (¢) Temporal clustering result, curve A represents

original temporal clustering, and curve B represents temporal clustering after removing outliers
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Figure 3. Comparison between temporal patterns and space weather indices
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