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ABSTRACT

Context. Solar wind propagation behavior has significant implications for solar wind forecasting and measurements. Variability in
coherence and plasma turbulence under different plasma conditions is important for cross-satellite comparisons. Forecasting also
depends on whether upstream measurements remain valid at the magnetosphere.

Aims. We used computational methods to analyze magnetic coherence and connections to plasma parameters, utilizing multi-decade
ACE and Wind measurements to capture turbulence behavior across a wide range of spatial separations and solar cycle phases.
Methods. The measurements were separated into three frequency ranges within the inertial range of solar wind turbulence: in periods
of 1-2.5 min, 2.5-10 min, and 10-30 min. We assessed the coherence in each frequency band using time-lagged cross-correlations
and applied a clustering algorithm to identify connections between coherence and plasma parameters (velocity, proton density, flow
pressure). We performed this analysis in the radial, nonradial, and total directions.

Results. We used a k-means clustering algorithm to find that higher coherence in all cases is associated with smaller variance in
plasma parameters. Taking this into consideration, we find a trivial association with the satellite separation or solar cycle phase. Small
variations in dynamic pressure and velocity appear to be the best indicators of high coherence at these high-frequency inertial scales.
Identifying connections between turbulence and plasma parameters could improve our understanding of the underlying physical
processes. This information will also be vital for instrument calibration on future missions such as the Space Weather Follow On L1

(SWFO-L1).
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1. Introduction

The solar wind is a constant flow of magnetized plasma
propagating from the solar corona throughout the Solar Sys-
tem (Verscharen et al. 2019). It serves as the medium through
which disturbances from the sun propagate to the Earth,
while solar wind turbulence can also affect high-energy par-
ticle acceleration and cosmic ray behavior (Bruno & Carbone
2013; Inceoglu et al. 2022). Furthermore, geomagnetic activ-
ity can be driven by certain solar wind conditions (Schwenn
2006; Inceoglu & Loto’aniu 2023; Loto’aniu & Inceoglu 2024;
Inceoglu & Loto’aniu 2025) and, given the potentially destruc-
tive nature of such disturbances (Pulkkinen 2007), upstream
solar wind monitors play an important role in understand-
ing and forecasting solar wind and magnetospheric dynam-
ics (Burkholder et al. 2020; Horne et al. 2013). Such space-
craft include NASA’s Advanced Composition Explorer (ACE;
Stone et al. 1998) and Wind (Acufaetal. 1995) spacecraft,
which are located at the first Lagrange point (L1). Given that
L1 is 1.5million kilometers from the Earth toward the Sun,
the question arises as to whether measurements of solar wind
parameters made at L1 remain valid at the magnetosphere. Over-
all, it depends on the level of coherence (i.e., the spatiotempo-
ral extent to which turbulent structures can propagate relatively
unchanged) in the solar wind at L1 (Matsui et al. 2002).

* Corresponding author: keahipd@princeton.edu

With the growing constellation of satellites at L1, the ques-
tion of coherence also arises in the task of satellite instru-
ment calibration and validation via cross-satellite comparisons.
Measurements taken onboard the National Oceanic and Atmo-
spheric Administration (NOAA) Deep Space Climate Observa-
tory (DSCOVR, Burt & Smith 2012) were calibrated via cross-
satellite comparisons and a similar procedure is planned for the
upcoming NOAA Space Weather Follow On L1 (SWFO-LI).
Given that the validity of cross-satellite measurement compar-
isons is inherently determined by coherence, identifying ideal
orbital and plasma conditions for satellite cross-comparison
remains an active area of research (Loto’aniu et al. 2022).

For decades, solar wind coherence in magnetic field mea-
surements has been investigated in relation to satellite separa-
tion (Russell et al. 1980; Crooker et al. 1982; Matsui et al. 2002;
Matthaeus et al. 2005; Wicks et al. 2009; Matthaeus et al. 2016;
Ragot 2022). Such prior works have established that the coher-
ence of magnetic field turbulence tends to decrease with increas-
ing spacecraft separation. However, there is also consistent
recognition that spacecraft separation is not sufficient to capture
all trends in coherence (Chang & Nishida 1973; Loto’aniu et al.
2022). This has been addressed in the context of other potential
factors, including the frequency of magnetic field fluctuations.
For example, Matsui et al. (2002) found that greater coherence is
generally associated with lower-frequency fluctuations, but not-
ing that further investigation into coherence in relation to plasma
conditions is necessary. They also found that using time-domain
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Table 1. Summary of data products used in this study.

Data product name Variable Cadence
AC_OR_SSC ACE position (GSE) 12 min
AC_H3 MFI ACE magnetic field (GSE) 1s
WI_OR_PRE Wind position (GSE) 10 min
WI_HO_MFI Wind magnetic field (GSE) 3s
WI_PLSP_3DP Wind plasma velocity (GSE) 49
WI_PLSP_3DP Wind proton density 49

Notes. Each row indicates the CDAWeb data product used, the specific variable extracted, and the raw measurement cadence.

and frequency-domain approaches to turbulence scale analysis
yield similar results. Matsui et al. (2002) also performed this
analysis in different spatial orientations. They found that coher-
ence levels fall off significantly faster perpendicular to the Earth-
Sun line than parallel to it. However, high variability and unclear
associations between orientation and coherence remain promi-
nent (Wicks et al. 2009). There has also been significant inter-
est in connecting coherence with the solar cycle. Collier et al.
(1998), King & Papitashvili (2005), and Wicks et al. (2009) all
found that coherence generally increases during the solar max-
imum. However, disagreement remains over which variables
show association with solar activity (total interplanetary mag-
netic field (IMF) magnitude, IMF components, plasma condi-
tions, etc.). The final variable that is generally considered in
relation to solar wind turbulence scales is the plasma velocity.
While some works have found higher coherence to be linked
to slower solar wind conditions, the results are often not very
robust and require more detailed investigation (Crooker et al.
1982; Wicks et al. 2009; Matthaeus et al. 2016).

In this study, we use time-lagged cross correlations between
ACE and Wind magnetic field measurements to assess plasma
turbulence scales within different frequency bands. We test sig-
nificantly higher frequencies than previous works (Matsui et al.
2002; Wicks et al. 2009), probing deeper into the inertial range
of solar wind turbulence (Goldstein & Roberts 1999). In addi-
tion, we use a k-means clustering algorithm to test for connec-
tions between turbulence scales and fundamental plasma param-
eters, solar cycle phases, and satellite separation. To our knowl-
edge, this is the first time that the coherence of solar wind turbu-
lence has been directly connected to plasma conditions at L.1.

The rest of this paper is organized as follows. Section 2
describes the data and preprocessing steps, the time-lagged
cross-correlation method, and the clustering algorithm. Section 3
presents our results and Section4 draws comparisons to prior
work and discusses physical and practical implications.

2. Methods
2.1. Data and preprocessing

We used solar cycle 24 for our analysis of coherence across
solar cycle phases and selected two years of data for each solar
cycle phase: increasing (2010-2011), maximum (2012-2013),
decreasing (2015-2016), and minimum (2018-2019). The ACE
and Wind data were obtained from NASA’s Coordinated Data
Analysis Web (CDAWeb)'. We used spacecraft position and
magnetic field data from both satellites, as well as plasma veloc-
ity and proton density data from Wind. We did not use ACE
plasma velocity or density data due to issues with low cadences

! https://cdaweb.gsfc.nasa.gov
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and missing data intervals. All vector quantities (position, mag-
netic field, and plasma velocity) are in the Geocentric Solar
Ecliptic (GSE) coordinate system. The data products selected
to maximize data quality and minimize gaps are displayed in
Table 1, along with a list of the variable extracted and measure-
ment cadence for each data product.

Magnetic field measurements were unified to a 3 second
cadence via mean resampling, while all other parameters were
unified to a 1 minute cadence by linearly interpolating between
the data points. We would like to note that they are interpo-
lated raw data values and not averages. This unification method
ensured that we had access to the highest available resolution for
each quantity.

The plasma flow pressure (FP) in nPa can be calculated using
Equation (1),

FP=Q2+107°) N, V,, (1)

where N, is proton density in cm™ and V), is the proton speed in
kmy/s. This formula is used to calculate flow pressure for NASA’s
OMNIWeb data products” and it was validated by exactly repro-
ducing OMNIWeb flow pressure time-series data.

Magnetic field, plasma velocity, proton density, and flow
pressure measurements were separated into fundamental fre-
quency bands using a 4th-order Butterworth bandpass filter.
The highest frequency band is the continuous pulsation 4 (Pc4)
range, which includes fluctuations with periods from approxi-
mately 1-2.5 min. Given that the Nyquist limit for this band
would be given in periods of 30seconds, our 3second data
cadence allows us to avoid aliasing and any frequency biases.
We also extract the Pc5 range, which includes periods from
2.5 to 10min. The lowest frequency band includes fluctua-
tions with periods from 10 to 30min. This range overlaps
with the lowest-frequency domains examined in prior studies
(Matsui et al. 2002) and we extended our analysis far into the
inertial range to the highest frequencies permitted by the satellite
data cadences. This permits a novel analysis of turbulence scales
within the inertial range of the solar wind. We followed the con-
ventional magnetospheric frequency band ranges and nomencla-
ture, as outlined in Jacobs et al. (1964), noting that it has been
suggested that pulsations are driven directly by waves in the solar
wind, as seen in proton density and flow pressure (Kepko et al.
2002). To corroborate this frequency range choice, we performed
identical coherence analysis using equal-width ranges (e.g., a
range of a factor of 3 captured by each bin). We found no mean-
ingful differences and, thus, we adopt the Pc4/5 nomenclature
given its physical relevance as well as its convenience.

2 https://omniweb.gsfc.nasa.gov/ftpbrowser/bow_
derivation.html
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Fig. 1. [lustrative example of our time-lagged cross-correlation method. The two satellites’ magnetic field time series are shown in panel (a)
starting on May 24th, 2011 at 2:36 UTC. The magnetic field time series recorded by the satellite closer to the sun (Wind; Satellite 1) is slid across
the second satellite’s measurements, calculating the correlation between the two signals at each point. Panel (a) also includes the signal envelopes
for each time series for ease of visual comparison (darker-colored lines). Panel (b) shows the maximum correlation recorded up to that point for
each time delay, for both the magnetic field time-series (pink) and signal envelopes (green). We define the time lag between signals to be where
there is the greatest improvement in correlation between the signals, and the coherence to be the correlation at that point (in this case, a correlation

of 0.595 at a lag of 22 min).

2.2. Time-lagged cross-correlation

Solar wind coherence for a given time interval is calculated
via a novel sliding window cross-correlation method by which
we obtain the time lag between the two satellites’ magnetic
field measurements as well as the correlation between the two
signals at that time. The time lag between signals is the tem-
poral delay between when each satellite detects a given fea-
ture (i.e., the solar wind propagation time from one satel-
lite to the other). Here, we present an illustrative example
of our cross-correlation method for Pc4 fluctuations in the
GSE x-direction (radial) on May 24, 2011 at 2:36 UTC (i.e.,
during the increasing phase of solar cycle 24), shown in
Figure 1.

First, a 30-minute period of data was identified for which
Wind was closer to the sun (red line in Figure l1a). Changing
the window length of 30 minutes would inherently affect the
correlation values. However, it would be systematic and, thus,
it would not affect investigations of relative coherence or asso-
ciations between variables, which are the primary goals of this
work. We then extracted a longer time series recorded at ACE,
(blue line in Figure 1a). We defined this additional length to be
(30 + 4 = T) minutes, where T represents the longest period
in this frequency band. This window length ensures that the
first signal is slid at least its own length and we captured at
least five periods at the longest period tested (30 minutes). We
later show that this method is insensitive with respect to how
far the window is slid. The first signal is slid along the sec-
ond signal point-by-point and a Pearson correlation coefficient
between the two bandpass-filtered signals can be calculated via

Equation (2),

R.o= S
where C;; represents the covariance matrix element of the two
variables x; and x;.

Figure Ib shows the maximum correlation coefficient
recorded so far, while the first signal is slid along the second.
This plot illustrates why it is not valid to simply take the maxi-
mum correlation. Visually, there is an approximately 20-minute
time lag between the main wave-form recorded at each satel-
lite. This is especially clear from the extrema of the amplitudes
(see signal envelopes) and decay of the signal amplitudes from
the —Bx spike. In spite of this, a slightly higher correlation was
achieved much later at a 38-minute lag, as seen in the second
step in the pink curve in Figure 1b. Thus, we defined the time
lag between the two signals to be where there is the greatest
improvement in correlation (i.e., the tallest step in Figure 1b).
This is confirmed in the lagged cross-correlation of the envelopes
(green), which shows a clear peak at 22 minutes. This method is
hereafter referred to as the max-step correlation function. The
only observed exception to this method is when there is signif-
icant improvement at unrealistically small time lags. Thus, we
cut off the smallest time lags based on the radial satellite sep-
aration (assumed to be constant over 30-minute window) and
plasma velocity. We calculated the mean and standard deviation
of the plasma velocity in the 30-minute window and used it to cut
off the time series three standard deviations below the theoreti-
cal time lag. This ensures that all possible time lags (including

@
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zero) are considered only when the satellites are radially close
together. This method of calculating the time-lagged cross corre-
lation between two signals is insensitive to how far the window
is slid forward. In other words, a simple maximum-correlation
approach would be more prone to significant changes based on a
handful of data points that have been included or not included
in the window. Thus, the max-step method removes potential
biases introduced by manually entered window lengths or slide
domains. For this illustrative example, a correlation coefficient
of 0.595 was recorded with a 22 minute lag between the sig-
nals, matching the time delay visually clear in the signals. To
validate this method, we performed a visual examination of six
months of random intervals. We note that in cases where the
absolute maximum correlation matches the correct time lag, we
did not observe any additional jumps in the correlation. Thus,
our method was able to correctly identify the proper time lag.

For an additional validation of the max-step method, we cre-
ated synthetic random-noise sinusoidal signals with known time
lags. We tested both taking the absolute maximum of the signal
cross-correlation and taking the max step. As mentioned above,
we found that the accuracy of the max-step function is com-
pletely independent of the sliding window domain, while the
absolute-maximum approach is not. Specifically, by adjusting
the sliding window domain, the absolute-max version can lose
up to 30% accuracy, while the max-step version is completely
insensitive across multiple orders of magnitude in input param-
eters. This empirically reflects the resistance of our max-step
method to manually set parameters. Thus, we used this method
to determine both the time lag between the two satellites and
the point-by-point correlation at that time. Calculating the time
lag separately was also necessary because it does not generally
necessarily follow a simple relationship with plasma velocity
and spacecraft separation (Wicks et al. 2009), potentially due to
wave propagation effects.

For the large-scale statistical purpose of this study, we
applied this max-step correlation function to 25000 random
intervals per solar cycle phase. This yields a total of 100 000 data
points over all four phases. Expanding on prior work examin-
ing coherence in radial versus nonradial directions (Matsui et al.
2002), we perform magnetic coherence analysis in the GSE x-,
y-, and z-directions, as well as using total separation (four direc-
tion cases). We also considered three possible frequency bands
(Pc4, Pc5, and 10-30 min periods), yielding 12 cases in total.

2.3. Clustering

For each random 30-minute sliding window, in addition to the
satellite separation, we note the standard deviation of the plasma
velocity component(s), proton density, and flow pressure over
the interval recorded by Wind. We would like to emphasize that
these are calculated from the highpass-filtered data, resulting in
significantly smaller values than the raw measurements. Given
these parameters define the local dynamics of the solar wind
plasma, we utilized the standard deviations of plasma veloc-
ity, proton density, and flow pressure as indicators of variations
in plasma conditions and potential effects on coherence scales.
Vector quantities (separation and velocity) are separated into
the components corresponding to the specific orientation being
considered. For example, in the radial (GSE x-direction) case,
we considered the radial magnetic field, radial satellite separa-
tion, and radial plasma velocity. For each of the 12 frequency-
direction cases, the final output of this process is a dataset of
100000 coherence values, each associated with a solar cycle
phase, satellite separation, time lag, and standard deviations of
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the plasma velocity, proton density, and flow pressure within the
defined sliding window. We would like to note that although the
spacecraft do not spend equal periods of time at all physical sep-
arations, our statistical approach is insensitive to this because we
are only seeking to identify what physical conditions are associ-
ated with high coherence, which we do not expect to be affected
by the variable separation distribution.

To identify potential associations between coherence levels
and plasma parameters, we used a form of the popular k-means
clustering algorithm. K-means clustering algorithms iteratively
attempt to minimize the sum of squared errors, also known as
cluster inertia, within each cluster (MacQueen 1967). We used a
variant of this algorithm called the k-means++ algorithm, which
has the same fundamental mechanism but increases performance
by seeding the traditional k-means algorithm such that clusters
are more distinct from each other (Arthur & Vassilvitskii 2007).
This algorithm requires that the ideal number of clusters is spec-
ified a priori. We determined this first by using elbow plots. Plot-
ting the within-cluster inertia as a function of number of clusters,
k, we can visually determine the point at which adding additional
clusters ceases to make meaningful performance improvements.
This method was corroborated through the use of an agglomera-
tive hierarchical clustering technique, where smaller clusters are
iteratively merged until the entire sample belongs to one clus-
ter. We use Ward’s method (Ward 1963), where clusters were
merged based on minimizing the resultant sum of squared errors.
The result of this algorithm can be plotted as a dendrogram,
which displays the clusters formed in the agglomerative process
and the resulting similarity between clusters at each iteration,
as calculated via the Euclidean distance metric. The ideal num-
ber of clusters is visually selected to achieve a desired level of
similarity within each cluster (Murtagh & Contreras 2012). By
combining the results of the elbow plot and the agglomerative
clustering algorithm, we determined the ideal number of clusters
to initialize the k-means++ algorithm (hereafter, simply referred
to as k-means). We did this for each of the 12 cases and the final
model output consists of a statistical association between mag-
netic coherence, satellite separation, time lag, and plasma param-
eter variability. We note that we did not include solar cycle phase
information in the clustering algorithm, as the inherent four dis-
crete cases (increasing, maximum, decreasing, minimum) bias
the clustering algorithm and outweigh any potential connections
between other variables.

3. Results

Overall coherence over space and time is analyzed via heatmap
plots. Figure2 shows heatmap plots for the GSE x (radial)
direction, with each frequency domain (Pc4, Pc5, 10-30 min)
as a panel. In each plot, the x-axis represents spatial satellite
separation and the y-axis represents temporal signal separation
(time lag), as determined by the max-step correlation function
described in Section 2.2. We would like to note that the diagonal
cutoff region at the bottom of each plot is the result of cutting
off unrealistically small time lags in the max-step correlation
function (see Section2.2). Similar cutoffs in the heatmaps for
the GSE y and z directions are also the result of orbital geome-
try and removing unrealistically small lags. The large-scale sta-
tistical nature of this plot (including observations across vastly
different plasma conditions and cycle phases) makes it difficult
to identify detailed associations. However, on a global level, the
primary trend which is immediately evident is that the highest
correlations (darkest red) are observed in fluctuations with peri-
ods between 10 and 30 minutes. The next highest correlations
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Fig. 2. Spatiotemporal heatmaps of radial ACE-Wind magnetic coherence observed at L1. Each panel corresponds to fluctuations within a given
frequency range of magnetic field fluctuations: Pc4 (1-2.5 min), Pc5 (2.5-10min periods), and 10-30 min periods. For each plot, the x-axis
represents radial spacecraft separation and the y-axis represents the time lag between signals recorded at each satellite. The color intensity of each
point represents the coherence observed at that particular temporal and spatial lag, as determined by our max-step correlation function. Each plot
contains 10000 observations across various plasma conditions and solar cycle phases, so opacity is adjusted to emphasize higher concentrations

of high-coherence observations.

are seen in the Pc5 frequency band (periods between 2.5 and
10 minutes). Finally, the lowest coherence is seen in the highest
frequency band (Pc4), with periods between 1 and 2.5 minutes.
The orbital geometries of the satellites result in a greater number
of observations at larger separations (see Section 2.3 for detailed
discussion). We perform this heatmap analysis in the GSE y-,
z-, and total directions as well (Figures S1, S2, S3). In all
cases, we observe the same key features as outlined above. We
do not observe any clear or well-constrained falloff in coher-
ence over distance at these frequency scales (1-30 min peri-
ods); instead, we found an extremely large range in coherence
values for any given distance. This is in line with prior coher-
ence results presented by Wicks et al. (2009) and is reflected
in the heatmap plots, which do not show a clear falloff with
distance.

To further investigate associations between coherence, satel-
lite separation, and plasma conditions within these frequency
bands, we use a k-means clustering algorithm. Ideal cluster num-
bers are determined via elbow plots and agglomerative clustering
dendrograms, which are standard methods of clustering algo-
rithm optimization (Syakur et al. 2018; Dash et al. 2003). The
top row of Figure3 displays both of these plots for fluctua-
tions in the Pc4 frequency range (1-2.5 min periods) in the GSE
x-direction (radial). Figure 3a shows within-cluster error for a
domain of 1-10 clusters, and there is a slight elbow at k = 3
(i.e., beyond k = 3, additional clusters visually cease to make
meaningful error reductions). The dendrogram (Figure 3b) also
appears to show three primary clusters and, thus, we performed
the k-means clustering with three clusters. The output of the k-
means clustering algorithm is displayed in a parallel plot, which

shows the associations between variables within each cluster
(Figure 3c). The x-axis of Figure 3c shows each of the variables
considered in clustering: Pearson r value (as determined by the
max-step correlation function), standard deviations of velocity,
proton density, and flow pressure over the interval, and spatial
satellite separation. We also included time lag between signals
in the clustering algorithm, because it is observed to not follow
a simple correlation with satellite separation and plasma veloc-
ity, as found in prior work (Matsui et al. 2002). With this infor-
mation included, the algorithm simply identifies that smaller
time lags are generally associated with smaller satellite sep-
arations, as expected, so the time lag results are not shown
here.

The y-axis of Figure 3c shows the median value of each
variable within each cluster for Pc4 fluctuations in the GSE
x-direction, normalized between 0 and 1 for ease of visual com-
parison. This means that the values shown on the y-axis, for
example, cluster number 2 (shown in blue), having a median
correlation of zero, are not the real values. It simply indicates
that cluster number 2 has the lowest median correlation of all
three clusters. The non-normalized values (i.e., actual median
values) are displayed in Figure 3d. The cluster with the high-
est median correlation (highest coherence) is highlighted in red.
Together, the parallel plot and the data table display the associ-
ations between variables identified by the algorithm. Each col-
ored line on the parallel plot represents one cluster and corre-
sponds to a row in the data table. To assess the statistical signif-
icance of the clustering output, we display each value with an
error bound defined by the standard error. Cluster number 0 has
the highest median coherence with an r value of 0.476, which
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Fig. 3. Clustering results for fluctuations in the Pc4 range (1-2.5 min periods). Panel (a) shows an elbow plot, in which within-cluster error is
displayed as a function of cluster number. Panel (b) displays the agglomerative clustering dendrogram, in which Euclidean distance indicates the
similarity between clusters. We selected three main clusters. Panel (c) is a parallel plot of the clustering results. Within each of the three clusters,
the median of each variable is calculated and plotted on a normalized scale (the displayed values are not the actual values), along with a statistical
error margin defined by the standard error. Each colored line represents a cluster and displays the defining characteristics of each cluster. Panel (d)
shows the non-normalized values plotted in the parallel plot, with the cluster with highest median coherence highlighted in red. Here, r represents
the cross-correlation, ov, represents the median standard deviation of the plasma velocity in the x-direction, N, represents the median s.d. of the
proton density, o F P is the median s.d. of the flow pressure, and Sep. represents the median satellite separation for each cluster.

is approximately 13% higher than that for cluster 2 (the low-
est median correlation). Cluster number 0 also is shown to have
the lowest standard deviation of proton velocity and flow pres-
sure. Both of these associations are statistically significant, given
the full range of error lies outside of the standard error bounds
of the other clusters. Cluster number O (highest median corre-
lation) also has the second-highest median satellite separation
of 30.2 Earth radii (Re), while cluster number 2 (lowest median
correlation) has the smallest median separation.

We conducted the same clustering analysis for Pc4 fluctua-
tion coherence in the total separation direction, considering all
three components simultaneously. We found three main clusters
(Figure 4a,b). The highest median correlation of 0.444 is linked
to the lowest median standard deviation of plasma velocity and
flow pressure (Figure 4c,d).

Figure 5 displays our GSE-x results for fluctuations in the
Pc5 frequency range, corresponding to periods between 2.5 and
10 minutes. The elbow plot shows an “elbow” in three clusters
and the dendrogram plot again shows an ideal k value (cluster
number) of 3, which we use to achieve the k-means output in the
bottom row of the figure. The red line represents the cluster with
the highest median correlation of 0.621. Notably, this value is
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30% higher than the highest median correlation in the Pc4 case,
which was 0.476. This aligns with the overall coherence data dis-
played in Figure 2, which shows significantly lower coherence in
the Pc4 case. The parallel plot shows that in this case, the highest
correlations are associated with the smallest standard deviation
of plasma velocity and flow pressure.

Just as in the Pc4 case, we perform identical clustering analy-
sis for the total direction. We identified three clusters, displaying
a maximum correlation median of 0.583. This cluster is charac-
terized by minimum values of plasma velocity and flow pressure
standard deviation (Figure 6).

Figure 7 displays clustering results for GSE-x fluctuations
in the lowest frequency band tested (periods between 10 and
30 minutes). In this case, the elbow plot (Figure 7a) displays an
ideal cluster number k£ = 3. The dendrogram plot shows three
primary clusters, which we chose as the input for the final k-
means clustering algorithm. The highest median correlation is
0.953, aligning with the heatmap plots of Figure 2, which show
the highest overall coherence in the 10-30 min period band when
compared to Pc4 and Pc5 fluctuations. From the parallel plot, we
also observe that high correlations are associated with the small-
est median standard deviation of plasma velocity.
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Fig. 4. Same as in Figure 3, but considering all three GSE components (total separation).

In the total direction, we again identified three clusters
(Figure 8a,b). The maximum median correlation of 0.869 is asso-
ciated with the minimum median standard deviations in plasma
velocity and flow pressure (Figure 8c,d).

In total, we performed clustering analysis for 12 cases: 3 fre-
quency bands for fluctuations in 4 possible directions (3 coor-
dinate directions plus total separation). We note that we dis-
play the radial (x) and total (x, y, and z together) results only,
as the other cases (y and z) are highly similar and included in
our overall analysis (see below). In each case, the clustering
algorithm identifies distinct groups of observations, each char-
acterized in terms of the variables considered: coherence (as
measured by the max-step correlation function), satellite separa-
tion, and standard deviation of plasma velocity, proton density,
and flow pressure. Table 2 displays a summary of these results.
For all 12 cases, low standard deviations in plasma velocity,
proton density, and/or flow pressure are associated with max-
imum coherence. In 9 out of 12 cases is there at least one
characterizing minimum that lies within the standard error of
another cluster (asterisk). However, in only 2 out of 12 cases
are all of the characterizing minima within the standard error
of another cluster. This means that in 10 out of 12 cases, the
clustering results permit us to identify a statistically mean-
ingful plasma parameter association, corroborating the robust-
ness of our results. To verify the stability of these results,
we have repeated this analysis with a range of sample sizes,
extending down to 2500 intervals per solar phase. We find that
the clustering associations stabilize above 10000 intervals per
phase.

4. Discussion and conclusions
4.1. Overall coherence

Previous studies have found that overall coherence of turbu-
lent structures generally appears to fall off with increasing fluc-
tuation frequency. For example, Matsui et al. (2002) decom-
posed magnetic field signals into their Fourier components to
assess coherence in different frequency domains. They found
that high coherence is achieved for fluctuations with periods
of 256 and 512 minutes, and coherence drops off for fluctu-
ations below T = 128 minutes. The authors test frequencies
down to T 16 minutes. Wicks et al. (2009) also examined
the effects of fluctuation frequency on coherence, utilizing two
time windows: 200 minutes and 960 minutes. The first window
focuses on the inertial range of solar wind turbulence, which
includes timescales on the order of 10 seconds to multiple hours
(Goldstein & Roberts 1999), while the second window focuses
on large-scale solar wind structures. Wicks et al. (2009) found
that the coherence falls off with increasing satellite separation
more quickly for the shorter time window. In this study, we uti-
lized a much shorter time window of only 30 minutes and with
fluctuations periods ranging from 30 down to 1 minute, testing
further into the inertial scale of solar wind turbulence than pre-
vious studies. As seen in Figure 2, coherence clearly increases
with period, agreeing with the overall result of prior studies.

We also find that there is an extremely large range in coher-
ence values at any given distance (this is true even at much larger
timescales; see Wicks et al. 2009). Thus, other factors must be
considered, as discussed in the next section.
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Fig. 5. Same as in Figure 3, but for Pc5 frequency range (2.5-10 min periods) in the GSE x-direction.

4.2. Plasma parameter dependence

It can be seen from Table?2 that for all 12 cases, the highest
median coherence is linked to low median values of standard
deviations in plasma velocity, proton density, flow pressure, or
some combination thereof. This means that small variance in
plasma parameters over the 30-minute data interval is the best
indicator of highly coherent turbulent structures on the frequency
scales examined in the study. Physically, this can be interpreted
as evidence that turbulent magnetic structures in the solar wind
are significantly more likely to propagate without disruption or
significant change when plasma conditions are calm (i.e., there
are no major fluctuations in pressure, density, or velocity). Most
notably, satellite separation was a worse predictor in the major-
ity of cases across the Pc4, Pc5, and 10-30 min period bands.
In fact, it can be seen from the parallel plots in Section 3 that
in many cases, the cluster with the highest median coherence
also had maximum or near-maximum median satellite separa-
tion. This means that even with near-maximum spacecraft sep-
aration, if plasma conditions are calm, the median coherence is
maximized. To the best of our knowledge, previous studies using
ACE and Wind magnetic field data to calculate coherence have
all found coherence to fall off with increasing satellite separation
(within the domain offered by ACE-Wind orbital geometries).
However, by using plasma parameters as input for our clustering
algorithm, we find that when plasma conditions are considered,
satellite separation is no longer the strongest predictor of coher-
ence for turbulent structures in the inertial range (in this study,
based on fluctuations with periods from 1 to 30 min).
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It must be emphasized that while the long-held assumption
that coherence is directly associated with satellite separation
holds true (especially for larger solar wind structures and longer
timescales), our findings show that at shorter timescales, corre-
sponding to smaller, inertial-range structures, physical plasma
conditions become the primary predictors of turbulence coher-
ence. This helps explain why previous studies have consis-
tently found that satellite separation is not sufficient to capture
all trends in coherence (Chang & Nishida 1973; Loto’aniu et al.
2022). Here, we show that this occurs because changing plasma
conditions are more relevant indicators of coherence on these
inertial scales and, thus, satellite separation, while still rele-
vant, fundamentally cannot capture all trends. This has impor-
tant implications for plasma turbulence dynamics and satellite
instrument calibration via cross-satellite comparisons.

Within this observed overall dependence on plasma param-
eters, we also observe consistencies across all cases in terms of
which parameters are the best indicators. Table 2 shows that in

all 12 cases, low standard deviation in plasma velocity and/or
flow pressure characterized the highest median coherence. This
is not a surprising combination, given that the flow pressure is a
function of the plasma velocity squared (Equation (1)). Thus, the
flow pressure is more sensitive to changes in the plasma velocity
than the proton density, giving rise to the connection between the
two parameters identified by the clustering algorithm. We have
found these general findings to remain consistent using differ-
ent frequency range selections and other data cadences, further
corroborating the robustness of our results.
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Fig. 6. Same as in Figure 3, but for fluctuations in the Pc5 frequency range (periods 2.5-10 min) and considering all three GSE components (total

separation).

4.3. Orientation and solar cycle dependence

We did not observe any significant changes in clustering results
across different GSE coordinate directions. Across all frequency
ranges, maximum median coherence values differ by less than
0.01 depending on direction. Furthermore, Table 2 suggests that
the trend of high coherence being linked to calmer plasma con-
ditions is observed in all coordinate directions. This implies
that despite significantly different spatial and parameter domains
for each direction (for example, much slower plasma velocities
in nonradial directions), this fundamental connection between
turbulence scales and plasma parameters remains valid. The
physical mechanisms driving solar wind coherence do not dis-
play significantly different behavior in different orientations rel-
ative to the Earth-sun line. This is consistent with prior ACE-
Wind coherence work, which has also found no clear associ-
ation between spacecraft separation orientation and coherence
(Wicks et al. 2009). When considering the total direction (mag-
nitude of magnetic field and plasma velocity and satellite sep-
aration), we do observe consistently smaller median coherence.
This is expected, since considering all three orthogonal direc-
tions introduces more potential for turbulence evolution or dis-
ruption between spacecraft.

We also consider how turbulence scales may be linked to
the solar cycle. Cycle phase is not included in the clustering
algorithm itself because the four discrete cases inherently bias
the algorithm and outweigh any other potential associations.
Instead, to analyze potential effects of the solar cycle on coher-

ence, we separated observations within each cluster by solar
cycle phase after clustering is complete. We find that in all cases,
the median coherence within each solar cycle phase differs from
that of the entire cluster by less than 1.1%. That is, there are
no systematic differences once plasma parameters are accounted
for. This differs from the results of prior work, which suggests
that coherence generally increases during the solar maximum
(Wicks et al. 2009). This finding implies that on the spatial and
temporal domain captures by ACE-Wind orbital geometries, tur-
bulence scales appear to be much more locally driven. While
global solar cycle conditions may affect global magnetic behav-
ior, local parameters such as plasma velocity, proton density, and
flow pressure are more relevant indicators of small-scale coher-
ence. This is consistent with prior work which has demonstrated
large-scale changes in solar wind turbulence with the solar cycle
(Kiyani et al. 2007). We suggest that while such global changes
may be present, localized coherence observations on the scales
of L1 ACE-Wind orbit are primarily linked to temporally and
spatially localized plasma behavior.

4.4. Conclusion

We used a k-means clustering algorithm to identify potential
connections between solar wind turbulence scales and plasma
parameters at L1. Coherence is calculated using a novel time-
lagged cross-correlation method, which is validated via syn-
thetic time-series data simulation. We applied this function to
100 000 random 30-minute intervals across solar cycle 24, test-
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Table 2. Summary of clustering results for all 12 cases considered (3 frequency bands and 4 directions).

Pc4 (1-2.5 min periods)

PcS5 (2.5-10 min periods)

10-30 min periods

GSE x-direction Low ov,, cFP

Low ov,, cFP Low ov,

GSE y-direction Low o FP*

Low o FP* Low ov,, cFP*, Sep.

GSE z-direction Low ov,, oF P*

Low ov,, o FP* Low ov,, oN,*, o F P*

Total direction Low ov*, cF P

Low ov*, o FP Low ov, oF P*

Notes. Each cell displays which characteristics are associated with the maximum median coherence. N, represents solar wind proton density, F'P
indicates flow pressure, and v indicates plasma velocity. Sep. indicates spatial satellite separation. * Association within the standard error of another

cluster.

ing a wide range of plasma conditions, global solar cycle phases,
and ACE-Wind satellite separations. We extracted three different
frequency bands of magnetic field and plasma parameter fluc-
tuations, probing significantly deeper into the inertial scale of
solar wind turbulence than previous work (Goldstein & Roberts
1999). We find that while coherence may generally fall off over
distance, in agreement with prior works (Matsui et al. 2002;
Wicks et al. 2009), there are extremely large variations within
this trend at higher frequencies.

We performed a clustering analysis to further analyze indi-
cators of solar wind turbulence scales. Once we accounted for
plasma characteristics, we did not observe any systematic asso-
ciations with coordinate directions or solar cycle phase, reflect-
ing the locality of coherence drivers at L1. In addition, prior
studies have consistently focused on satellite separation as the
main indicator of coherence (Matsui et al. 2002; Matthaeus et al.
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2005; Wicks et al. 2009; Matthaeus et al. 2016). However, our
key finding is that high-frequency (1-30min periods) turbu-
lence scales in the solar wind in the inertial range are primarily
linked to physical plasma conditions, regardless of the spacecraft
separation. Over the spatial separation enabled by ACE-Wind
orbital geometries, satellite separation does not appear to be a
strong predictor of coherence. This result has important implica-
tions for satellite instrument calibration via multi-satellite com-
parisons. Specifically, comparing measurements made by close-
proximity satellites is an established method of instrument val-
idation (Loto’aniu et al. 2022). Our results show that ideal cali-
bration conditions are not purely defined by minimum separation
on the scales of L1 orbits. Instead, frequency-separated calibra-
tion methods are most likely to be valid when physical plasma
parameters are not displaying large variations. This key finding
will be important to future missions such as the Space Weather
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Follow On L1 (SWFO-L1), which is planned to undergo calibra-
tion via comparison with other L1 satellites.
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