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Introduction: Intermittency is a property of turbulent astrophysical plasmas, such as the solar wind, that implies irregularity and fragmentation, leading to non-uniformity in the transfer rate of energy carried by nonlinear structures from large to small scales. We evaluated the intermittency level of the turbulent magnetic field measured by the Parker Solar Probe (PSP) in the slow solar wind in the proximity of the Sun during the probe’s first close encounter.
Methods: A quantitative measure of intermittency could be deduced from the normalized fourth-order moment of the probability distribution functions, the flatness parameter. We calculated the flatness of the magnetic field data collected by the PSP between 1 and 9 November 2018. We observed that when dividing the data into contiguous time intervals of various lengths, ranging from 3 to 24 hours, the flatness computed for individual intervals differed significantly, suggesting a variation in intermittency from “quieter” to more intermittent intervals. In order to quantify this variability, we applied an elaborate statistical test tailored to identify nonlinear dynamics in a time series. Our approach is based on evaluating the flatness of a set of surrogate data built from the original PSP data in such a way that all nonlinear correlations contained in the dynamics of the signal are eliminated. Nevertheless, the surrogate data are otherwise consistent with the “underlying” linear process, i.e., the null hypothesis that we want to falsify. If a discriminating statistic for the original signal, such as the flatness parameter, is found to be significantly different from that of the ensemble of surrogates, then the null hypothesis is not valid, and we can conclude that the computed flatness reliably reflects the intermittency level of the underlying nonlinear processes.
Results and discussion: We determined that the non-stationarity of the time series strongly influences the flatness of both the data and the surrogates and that the null hypothesis cannot be falsified. A global fit of the structure functions revealed a decrease in flatness at scales smaller than a few seconds: intermittency is reduced in this scale range. This behavior was mirrored by the spectral analysis, which was suggestive of an acceleration of the energy cascade at the high-frequency end of the inertial regime.
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1 INTRODUCTION
Isotropy and scale invariance (self-similarity) are two fundamental hypotheses of Kolmogorov’s (1941) hydrodynamic turbulence theory. Tu and Marsch (1993), Bruno et al. (2003), Bruno and Bavassano (1991), Bavassano and Bruno (1992), and Tu and Marsch (1990) demonstrated that solar wind turbulent fluctuations are not isotropic or scale-invariant (see also, Frisch, 1995). This fact challenges the hypothesis of self-similarity and a constant and uniform energy transfer rate from large to small eddies, i.e., the key elements of turbulence as illustrated by Richardson’s (1920) energy cascade (Obukhov, 1962; Landau and Lifshitz, 1971; Bruno, 2019). The irregularity and fragmentation of the turbulence topology are known as intermittency (Frisch, 1995). The effect of intermittency is detected as a deviation from self-similarity of fluctuations at different scales; i.e., the global scale invariance assumed by Kolmogorov remains valid only locally, in limited regions of space, rendering multifractal approaches more suited as investigation tools (Frisch, 1995; Wawrzaszek and Echim, 2021). By comparing experimental results with several energy cascade models, Meneveau and Sreenivasan (1991) argued that the multifractal (intermittent) distribution of the rate of turbulent energy dissipation indicates that turbulent flows can be described as self-similar multiplicative fragmentation processes. As such, intermittency is revealed by the increasing departure from a Gaussian of the probability distribution function (PDF) of the fluctuations of a variable at smaller and smaller scales (Sorriso-Valvo et al., 1999; Bruno et al., 2004). In other words, extreme events occur with higher probabilities than predicted by the normal distribution. Thus, second-order moment analysis, such as spectral analysis, no longer provides a full description of turbulence statistics. Biskamp (1993) and Frisch (1995) demonstrated that intermittent fluctuations can be characterized by higher-order moments of the PDFs, the structure functions (SFs), where the nonlinear trend of the SF exponents is a manifestation of intermittency.
Burlaga (1991) demonstrated the universal character of intermittency from in situ solar wind data through the remarkable similarity at scales of millions of kilometers and meters, the latter of which was observed in laboratory experiments (Anselmet et al., 1984). The author pointed toward a mixture of sheets and space-filling eddies within turbulent media. Using Helios 2 data, Bruno et al. (2003) investigated the radial evolution of intermittency in the inner heliosphere between 0.3 and 0.9 astronomical units (AU) from the Sun. Yordanova et al. (2009) analyzed solar wind turbulence and intermittency using Ulysses data (Balogh et al., 1992) and determined how intermittency properties vary with heliospheric latitudes, distances from the Sun, or solar activity for both slow and fast solar wind.
A classical intermittency descriptor, the flatness, denoted in the following by κ, is defined as a normalized fourth-order moment of the PDF:
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where [image: image] is the qth-order moment of the PDF, [image: image] denotes averaging, and δX is an ensemble of fluctuations at time scale τ, determined from differencing the original signal for different values of τ:
[image: image]
It should be noted that the ensemble δX is built by moving the window of length τ over the entire signal. In general, two successive positions of the window overlap by several points, n0. According to Frisch (1995), the continuous growth of κ at smaller scales is a characteristic of intermittency. Because the flatness of a Gaussian distribution of fluctuations (κ = 3) is well specified, deviations in the flatness can be used to characterize the nature of intermittent fluctuations. If κ grows faster, then the signal is considered more intermittent; if κ remains constant for some considered scales, those scales are self-similar and not intermittent; and [image: image] signals non-Gaussian statistics (Bruno et al., 2003).
The evaluation of κ, together with a multifractal description, can be seen as a class of methods that provide a quantitative estimation of intermittency. Qualitatively, intermittency is assessed based on the anomalous scaling of SF or from the wavelet analysis of the signal and estimation of the local intermittency measure (Wawrzaszek and Echim, 2021 for a recent review).
Higher-resolution observations and simulations of space plasma turbulence suggest a decrease or saturation of the intermittency for scales at the boundary between inertial and kinetic range, in contrast with previous studies suggesting a continuous increase of the intermittency below proton scales (Alexandrova et al., 2008) or the expected return to Gaussianity at these scales, which should arise in incoherent wave interactions that mix and randomize the phases. For example, an analysis of Cluster and Advanced Composition Explorer (ACE) data in the shocked and unshocked near-Earth solar wind suggests that intermittency originates from phase synchronization resulting from nonlinear multiscale interactions of large-amplitude coherent structures (Chian and Miranda, 2009). This study uses the phase coherence technique based on surrogate data to determine the phase coherence (PC) index (Koga et al., 2007 and references therein). Through the PC index, the original data were compared with two sets of surrogates with identical power spectra, whose phase spectra are either completely random (PC = 0) or fully correlated (PC = 1). Chian and Miranda (2009) demonstrated the constant growth of the PC index through the inertial range, from large to small scales, and following the same behavior as κ up to a maximum value. The authors showed that the peak observed in the curves of both κ and PC occurs at time scales corresponding to the spectral breakpoint between the inertial and kinetic ranges. They argued that, below this point, both κ and PC start decreasing as interactions between waves and particles become dominant and act to decrease phase synchronization.
Wan et al. (2012a) or Wu et al. (2013), using ACE and Cluster data in the solar wind at one AU and spectral or particle-in-cell (2D-PIC) simulations, observed the increase in kurtosis at proton scales, which signals the presence of coherent structures at these scales, but they also noted that the growth of kurtosis is reduced, most probably due to physical phenomena at kinetic scales. They suggest that the decrease in kurtosis (or κ-3) involves some incoherent dynamics due to waves or other phase-randomizing structures. Through a multipoint analysis of Cluster data, Yordanova et al. (2015) also hinted toward saturation of the kurtosis, i.e., scale invariance or mono-fractality, of the sub-proton fluctuations. Through kinetic simulations, Wan et al. (2012b) or Karimabadi et al. (2013) found that heating and dissipation are highly non-uniform in astrophysical and space plasmas and that the strong cascade observed at sub-proton scales is due to coherent current sheets, i.e., the most intermittent structures, as argued by Veltri (1999) and Veltri and Mangeney (1999). They concluded that a mixture of coherent structures, in the form of current sheets and waves, is the source of intermittent plasma turbulence. Similar ideas were suggested by Chang (2015), who considered intermittency as a manifestation of space plasma complexity.
In an interesting study, Borovsky and Podesta (2015) showed that the thickness of current sheets affects the power spectral density (PSD) of the solar wind magnetic field. Through a technique of time stretching of the original data and comparison with artificially generated data, they demonstrate that, as the current sheet thickness increases, the frequency break between inertial and kinetic ranges is shifted toward smaller values (as per Chen et al., 2014) and the Fourier power at the breakpoint decreases.
Using Parker Solar Probe (PSP; Fox et al., 2016) observations of the young solar wind, unaffected by foreshock or instrumental noise (as might be the case with near-Earth observations at 1 AU), Chibber et al. (2021) demonstrated that sub-proton scales remain intermittent close to the Sun, at ∼0.17 AU, by establishing that the kurtosis does not re-Gaussianize at sub-ion scales but remains approximately constant between 10 and 0.1 di, where di is the ion inertial length.
Roberts et al. (2022) investigated both time and space magnetic field increments using 12 years of Cluster observations to assess the intermittency properties of solar wind plasma. A maximum of kurtosis is reported at ion scales, and only weak non-Gaussian fluctuations are reported at sub-ion scales. For the compressive component, the authors demonstrated its spatial anisotropy, evidenced by the differences observed between temporal and spatial increments measured perpendicular to the flow, and observed a higher variability of κ behavior, either increasing throughout both the inertial and sub-ion scales or displaying a maximum at larger, inertial range scales associated with magnetic holes. In another statistical study of more than 3000-time series measured by the PSP and Solar Orbiter (Müller et al., 2020) in the solar wind, Sioulas et al. (2022) also observed a maximum of the kurtosis that seems to display a shift toward smaller scales as the distance from the Sun increases.
The data analyzed in this study show high variability in the magnetic intermittency of the young solar wind probed by the PSP during its first encounter (E1). The data span a relatively narrow time interval, 01–09 November 2018, during which the PSP travels between approximately [0.17,0.22] AU from the Sun. In this study, we disentangle the sources of the intermittency by comparing the PSP observations with artificially generated data, i.e., surrogates (Theiler et al., 1992), that are consistent with a null hypothesis that we aim to invalidate and that may indicate the nature of the nonlinearity of the signal. The paper is structured as follows. In Section 2, we describe the analyzed data; in Section 3 and Section 4, we describe the methodology, introduce some other premises for the analysis, and describe the results of our study; and in Section 5, we summarize the conclusions.
2 DATA
We analyzed magnetic field data provided by the PSP during the probe’s first perihelion, 01–09 November 2018, further referred to as Sig1. During this time interval, the PSP measured the solar wind at a distance of ∼0.17 AU from the Sun. The outboard fluxgate magnetometer (MAG) of the FIELDS instrument suite (Bale et al., 2016) provided magnetic field data, B, at a cadence of up to 293 Hz. We focused on the behavior of magnetic energy density fluctuations, B2. B2 was naturally chosen as a proxy for the magnetic energy, and the analysis of its fluctuations was relevant in the context of intermittent turbulence as we also discussed the turbulent energy transfer between scales. Magnetic field data during the first 3 days of the analyzed time interval were recorded at lower cadences, e.g., 146 or 73 Hz; consequently, we down-sampled the entire data set to the lowest resolution of the data, i.e., averaged to 73 Hz. In Figure 1, the time series of B2 is shown in the upper panel, and the time series of the proton velocity data from the Solar Probe Cup (SPC) on the SWEAP instrument suite (Kasper et al., 2016; Case et al., 2020) is shown in the middle panel. The plasma bulk velocity distribution is indicative of a steady state of slow solar wind, with V < 500 km s−1 for most of the considered time interval, except for the last day, 9 November 2018, when the PSP may have passed over a small coronal hole and sampled relatively fast wind above 600 km s−1 (Chhiber et al., 2020). This interval was analyzed in numerous studies and determined to be highly intermittent with various types of intermittent structures (Astrophysical Journal Supplement Series, 246, Volume 2). For example, Bale et al. (2019) or Horbury et al. (2020) evidenced the presence of switchbacks or jets in the magnetic and velocity fields; Dudok de Wit et al. (2020) examined their statistics through waiting time analysis, Chhiber et al. (2020) provided an estimation of intermittent features based on partial variance increment (PVI) analysis. Bandyopadhyay et al. (2020) and Qudsi et al. (2020) examined the relation between intermittent magnetic structures and other measured quantities (energetic particle fluxes or high proton temperatures), also through waiting times and PVI, respectively.
[image: Figure 1]FIGURE 1 | Upper and middle panels: Temporal profiles of B2 and v fields during the first PSP encounter, 01–09 November 2018 (Sig1). Lower panel: A sub-sample of Sig1 recorded on 8 November 2018, between 00:00–12:00 (further referred to as Sig2).
In this paper, we discussed the intermittency of Sig1 and a chosen sub-sample of this data: the solar wind magnetic field measured on 8 November 2018, in the time interval 00:00–12:00 UT, further referred to as Sig2. The temporal profile of Sig2 is shown in Figure 1, lower panel.
3 ON THE NATURE OF THE NONLINEARITY RESPONSIBLE FOR THE OBSERVED INTERMITTENCY
3.1 Quantification of intermittency and premises for the analysis
We considered an argument by Hnat et al. (2005), who argued that analyses based on differencing of the original time series and the parameters derived from the overlapping differences are inevitably affected by temporal correlation. The solution to avoid such effects would be to consider non-overlapping differences, but this alternative is most often not feasible due to many factors, e.g., the limited time span of the data, as is the case with magnetosheath plasmas, time intervals that are not stationary for a sufficiently long time, and gaps in the data. To the best of our knowledge, the majority of the published papers on intermittency based on the analysis of flatness are based on overlapping differencing (like in the review by Echim et al., 2021).
Thus, we directly compared the intermittency of the slow solar wind magnetic field through κ estimated by both approaches, overlapping versus non-overlapping increments, up to scales of 100 s. Under Taylor’s (1938) hypothesis, which has been shown to be marginally satisfied for this interval (Chen et al., 2020; Duan et al., 2020; Parashar et al., 2020), temporal structures can be converted to spatial structures; hence, at a mean proton velocity of 350 km s-1, scales of 100 s translated to spatial dimensions of 35000 km. While still small compared to the autocorrelation scales, this range of scales covered the small-scale region of the inertial range.
We also took into account a discussion by Wang et al. (2020) who demonstrated that to capture the spectral characteristics of turbulence at sub-ion scales, the use of multipoint (>2) structure functions is preferred. We tested Wang et al.’s (2020) argument on a simulated signal with prescribed spectral characteristics and found that, indeed, at the smallest (kinetic) scales, two-point SF scaling was flatter than expected while five-point SF gave more accurate results (Teodorescu et al., 2021). Consequently, in this study, we examined κ from overlapping increments computed from (a) two data points and (b) five data points defined as follows:
a) Two-point increments, [δX(τ)]:
[image: image]
b) Five-point increments (Wang et al., 2020):
[image: image]
As previously mentioned, we also evaluated κ from non-overlapping increments in order to ascertain the effect of temporal correlations introduced by the classical overlapping procedure on the estimation of κ (Hnat et al., 2005):
c) non-overlapping two-point increments:
[image: image]
In the third approach (as per Eq. 5), the number of samples used in the computation of the structure functions was drastically reduced. Thus, a relatively long time interval was required to access larger time scales. Even though we analyzed high-resolution PSP magnetic field measurements recorded over 9 days, the largest scale accessible that still preserves a meaningful number of increments (at least 4000) was 100 s. To retain a higher statistic of increments for the estimation of the structure functions and to access larger time scales, we focused our computations on two-point, non-overlapping increments.
3.2 Formulation of the null hypothesis
A common practice in statistical analysis involves the division of data into sub-intervals of some chosen length. The PSP data included in Sig1 were divided into four sets, each set comprising contiguous sub-intervals of fixed length. The length of sub-intervals for the four sets was defined as follows: 24 hours (set 1), 12 hours (set 2), 6 hours (set 3), and 3 hours (set 4). For each set, we computed κ and illustrated its scale dependence and time evolution in a two-dimensional (2D) graphical scalogram-like representation, as represented in Figure 2. κ computed from five-point increments is shown. The upper row of these “flatogram” 2D plots shows κ computed for sets 1 and 2, respectively. On the lower row, we showed κ for sets 3 and 4, respectively. The X-axis indicates the sub-interval number of each set, starting from 0, which is also delimited by the vertical dashed red lines in the time series of B2. For example, in Figure 2A, the fifth column shows κ computed for 1 day of magnetic field measurements collected on 6 November 2018, during the PSP’s first encounter, which took place at around 03:27 UT and 0.17 AU. The Y-axis indicates the time lag of the increments in seconds, i.e., the temporal scale of the fluctuations, which, under Taylor’s hypothesis, can be transformed into a spatial scale. The minimum accessible scale is determined by the resolution of the data: at a sample rate of 73 Hz, the smallest accessible scale is around 0.03 s, while the maximum accessible scale depends on the data sample length; with 24 h data samples, the largest accessible scale is around 2 hours, while for 3 h samples, the largest scale is less than 15 minutes.
[image: Figure 2]FIGURE 2 | Variability of intermittency quantified by flatness, κ, when the data are divided into contiguous samples of various time lengths: (A) Set 1, 24 h sub-intervals, (B) Set 2, 12 h sub-intervals, (C) Set 3, 6 h sub-intervals, and (D) Set 4, 3 h sub-intervals. κ computed from five-point increments is shown.
All representations in Figure 2 seem to indicate high variability in the intermittency of the slow solar wind, quantified through the flatness parameter. It could be concluded that the observed pattern is suggestive of time intervals characterized by low intermittency that change with time intervals that display high intermittency levels. Moreover, it seems that when subdividing the data into smaller samples, the intermittent samples become sparser but show increased levels of intermittency.
Another recurrent feature in almost all analyzed time intervals, which is also independent of the length of the sub-intervals, is that κ reaches a maximum at scales between [1-10] s. This peculiar behavior was reported in several previous works (Chian and Miranda, 2009; Wan et al., 2012a; Wu et al., 2013; Yordanova et al., 2015; Chiber et al., 2021; Roberts et al., 2022; Sioulas et al., 2022). In Figure 2, for most data samples, the flatness grows from κ = 3 (characteristic for Gaussian processes) at large injection-range scales of the order of hundreds of seconds toward higher values for scales of the order of several seconds that still pertain to the inertial range. This behavior is considered a hallmark of intermittency. Then, κ reaches a maximum, in some cases like a peak value, in others more like a plateau distributed over 1 decade of scales in the interval [1-10] s. For smaller scales, in the kinetic range, κ starts decreasing; its value at scales below 0.1–0.5 s is close to 3. A second peak in the distribution of κ is also observed at the smallest scales for many of the sub-intervals of the four sets.
To better illustrate this point, in Figure 3 we show the classical representation of the scale dependence of κ, cumulated for all data samples of a chosen length: set 1 (left plot) and set 4 (right plot). Markers of different shapes and colors indicate κ for different data samples. For comparison, we also show κ computed for the entire 9-day signal (red line and round markers). It should be noted that κ curves for various data sub-samples are either below or above the red line, but in general, follow a similar trend (described in detail in the previous paragraph). In addition, as previously mentioned, we observed that many of the 3 h intervals of set 4 indicate very low intermittency, with flat flatness curves (in some cases, κ is close to three at all scales), while several data samples seem to indicate intermittency levels much higher than for the 9-day signal.
[image: Figure 3]FIGURE 3 | Scale dependence of κ computed for five-point increments for (A) set 1, 24 h sub-intervals and (B) set 4, 24 h sub-intervals. For many of the intervals, we observe a continuous growth of κ from scales of the order of hours to scales of [1–10] s. Then, κ decreases more abruptly toward kinetic and sub-kinetic scales, back to values of 3 (Gaussian process, black thin line). The thick black line indicates the average κ over the analyzed sub-intervals of the original data.
Because the PSP magnetic field measurements at scales below 1 s are affected by the spacecraft reaction wheels (Bowen et al., 2020; Duan et al., 2020; Dudok de Wit et al., 2020), the behavior of κ may be affected, so we limit our discussions to scales above 1 s resolution.
The questions that arise from the first step of our analysis are as follows: which κ curve illustrated in Figure 3 most accurately describes the intermittent turbulence, which is inherently a nonlinear dynamical phenomenon, observed in the slow solar wind close to the Sun? Is a data sample of several days better suited for intermittency analysis than sub-intervals spanning 24 or 3 hours? How can one decide which time interval is relevant for the analysis: one that shows low or high intermittency?
In trying to answer these questions, it became obvious that some measure of confidence should be attached to each of the estimated curves. As such, in order to better understand the high variability observed in the intermittency level of the magnetic field measured close to the Sun in a relatively short time interval (9 days) and narrow range of distances from the Sun (∼0.17–0.22 AU), we adopted a statistical method based on surrogate data, as proposed by Theiler et al. (1992). The method was designed to identify nonlinearity in time series and provides the means to evaluate the significance of the discriminating statistic (flatness), as shown below. Statistical analysis with surrogate data has been widely used in various scientific fields, from geosciences, astrophysics, and astronomy to mathematics, chemistry, medicine, and other disciplines.
The basic principle of the method involves the formulation of a null hypothesis, a possible explanation that does not appropriately describe the a priori insight data. A set of surrogate data is generated so that they are different realizations of the process consistent with the null hypothesis that we are trying to invalidate. A discriminating statistic, i.e., a number such as κ, that describes the intermittent nature of the turbulent signal can then be computed for the original and the surrogates. If the discriminating statistic of the raw data is significantly different from that of the surrogates, then we can argue with a high level of confidence that the supposed interpretation of the data assumed by the null hypothesis, is not appropriate i.e., the null hypothesis is falsified.
For non-Gaussian data, Theiler et al. (1992) suggested a generalized null hypothesis in which the underlying linear dynamics are assumed to be due to a linear Gaussian process, while the nonlinearity is due to the observation function. In this scenario, the surrogates are nonlinear, but the nonlinearity comes from the amplitude distribution and not from the dynamics. The advantage of this method is that it can point out the nature of the nonlinearity, i.e., whether it stems from the dynamics of the process or whether it comes from other sources, such as the amplitude distribution of the signal. Furthermore, in Section 3.3, we described in more detail the procedure to generate surrogate data that satisfy this null hypothesis.
3.3 Generating surrogate data for the assumed null hypothesis
In analyzing the solar wind data provided by PSP and described by the flatness illustrated in Figure 3, we generated a set of surrogate data that have the same mean, variance, and Fourier power spectrum as the original signal but whose Fourier phases are randomized, thus destroying any nonlinear correlations of the original data that resulted in the underlying dynamics of the system. The procedure involved the following steps:
1. A Gaussian time series is generated with the length, mean, and variance of the signal.
2. The original data and the Gaussian generated in Step 1 are rank-ordered by re-ordering the time sequence of the Gaussian to follow the original time series.
3. Possible nonlinear dynamics are then destroyed by phase randomization of the Fourier transform of the Gaussian rank-ordered time series.
4. Last, the original signal is reordered to match the rank order of the phase-randomized time series obtained in the previous step. This new time series represents a surrogate of the original time series.
The surrogate data generated by the steps previously described match the amplitude distribution of the original data and are therefore non-Gaussian. We estimated κ for the original data and sets of 20, 30, or 50 surrogate signals generated for Sig2. The findings are very similar for the three analyzed surrogate sets; thus, below we discuss results obtained for a set of 20 surrogates [Johnson and Wing (2005)]. We then compared κ computed for the original data with κ evaluated for the surrogates and decided whether the null hypothesis was invalidated, i.e., if κ of the original data was significantly different from that of the surrogates and took values above a confidence interval (CI) determined from the spread of κ computed for the surrogate dataset:
[image: image]
If relation (6) is satisfied, we can argue that κ describes the intermittency of the young solar wind induced by the nonlinearity in the dynamics of the fluctuations.
The confidence interval (CI) is defined as follows:
[image: image]
where [image: image] is the mean value of κ estimated for the 20 surrogates and [image: image] is the standard deviation of κ computed for the surrogate set.
3.4 Significance of the intermittency level quantified through κ
The scale dependence of the intermittency parameter, κ, is given in Figure 4 for the two analyzed signals: Sig1- 01–09 November 2018 and Sig2- 8 November 2018, 00:00-12:00, a chosen sub-sample of Sig1 that presents the highest level of intermittency (Figure 2, upper right panel, sub-interval number 14). The main results of our analysis are summarized in Figure 4 and described as follows:
[image: Figure 4]FIGURE 4 | Flatness, κ, versus time scale of the magnetic energy fluctuations measured in the slow solar wind by the Parker Solar Probe. Black/red markers and lines depict κ evaluated in two-/five-point increments. Left panels, (A) and (B), show κ computed for Sig1 (01–09 November 2018 UT). Right panels, (C) and (D), show κ computed for Sig2 (8 November 2018, 00:00–12:00 UT). The horizontal black line indicates κ = 3 (Gaussian process). In the upper row of plots, (A) and (C), the gray and orange lines indicate the surrogate κ for two- and five-point increments, respectively. In the lower row of plots, (B and D), the blue line shows [image: image] and the orange area indicates the confidence interval of [image: image], where [image: image] and σSURR are the mean and the standard deviation of the five-point surrogate flatness. Cyan markers and lines in the lower panels indicate κ evaluated from non-overlapping increments of the original data.
1. The left/right panels of Figure 4 show κ computed for Sig1/Sig2 and for the ensemble of surrogates for the two approaches, two- and five-point increments. The horizontal black lines indicate the value κ = 3, the hallmark of a Gaussian process. It should be noted that κ profiles for all surrogate data constructed for Sig1 remain approximately constant and close to three at all scales, spanning roughly six decades, starting from days down to tens of milliseconds. On the other hand, the flatness of the surrogate data constructed for Sig2 spans a much broader range of values and shows a steep increase toward the smallest scales. It should be noted that Sig2 data (Figure 1, lower panel) exhibit a rather large singular structure, also referred to as a “switchback” (Dudok de Wit et al., 2020), in an otherwise stationary time series. This particular time series is an example of a short signal that includes one “extreme” event that has an important effect on both the values of κ computed for the original data and also on the spread of the κ for the surrogate set. A steeper increase of κ is observed for Sig2, which would generally be interpreted as the mark of higher intermittency, and the spread of the surrogate κ is much larger, resulting in a wide CI (Eq. 7), marked by the orange-shaded area in the lower row of plots in Figure 4.
We observed a clear difference between the behavior of the flatness computed for the original data and the one computed for surrogates. The flatness obtained for Sig1 (left column of Figure 4) was well above CI defined by the spread of the surrogates-κ, while κ computed for Sig2 was mostly undistinguishable from CI. As such, we can argue that the null hypothesis (i.e., the measure, κ, results from the linearity of the dynamics but the nonlinearity of the observation function) was invalidated for Sig1 but not for Sig2. In other words, a linear Gaussian process was revealed by the κ computed for the surrogates generated for Sig1, meaning that the randomization of the data performed to construct the surrogate destroyed the nonlinear correlations resulting from the inherent dynamics of the intermittent signal Sig1. On the other hand, the null hypothesis was not invalidated for Sig2, allowing us to argue that the observed values of κ and intermittency resided in the amplitude distribution. Therefore, we can say that the level of intermittency quantified through κ and observed in Sig2 does not fully characterize the nonlinear turbulent interactions observed in the magnetic field of the young, slow solar wind.
In order to better understand this result, we analyzed in detail the effects of the singular structure (the strong variation between 09 and 10 UT, Figure 1) on the intermittency level of Sig2 and its surrogates. We applied a data conditioning technique, as suggested by Kiyani et al. (2006), to remove extreme data outliers. The outliers were identified through a boxplot diagram as those data values that are higher than a threshold, e.g., for a standard Gaussian, 0.7% of the data are outliers. The distribution of our data was not Gaussian, and the standard boxplot diagram (not shown) identified 3.4% of the data as outliers. A data value higher than the set threshold was replaced by a flag value (i.e., 1015), which was then discarded in the statistics of the increments.
We checked the behavior of κ when we removed a) a small part of what was considered “outliers” (∼0.01% of the data), as shown in Figure 5 left, and b) all identified outliers (3.4% of the data), as shown in Figure 5 right. It should be noted how the removal of an increasing number of outliers resulted in the data becoming stationary; in addition, the spread of κ computed for the surrogates reduced, and the values became closer to 3, i.e., the surrogates became different realizations of the linear Gaussian noise assumed by the null hypothesis. Furthermore, we observed that κ computed for Sig2 decreased for all scales, even when a very small percent of the data was removed, and took values above CI when the singular structure was removed. Although the conditioned original was still intermittent, the level of intermittency, as described by the values of κ, was reduced by half compared to the unconditioned signal.
[image: Figure 5]FIGURE 5 | Effects of data conditioning applied on Sig2. Data are conditioned by removing extreme outliers, 0.01% (left panels) or 3.4% (right panels), Upper panels: time series of the conditioned Sig2. Lower panels: data conditioning affects both the scale dependence of κ, κ vs. τ (s), and the spread of the surrogates-κ. The horizontal black line indicates a value of κ = 3. The blue line shows [image: image], and the orange area indicates the confidence interval of [image: image], where [image: image] and σSURR are the mean and the standard deviation of the surrogates-κ. Cyan markers and lines indicate κ evaluated from non-overlapping increments.
2. Second, we performed a comparison between κ estimated from non-overlapping increments and the classical flatness determination based on overlapping increments. The cyan markers and lines in Figure 4 show the scale dependence of κ estimated from two-point non-overlapping increments. We estimated κ up to a maximum scale for which at least 4000 increments were used in the computation of the structure functions. The effects of lower statistics for the evaluation of κ at higher scales are visible in the behavior of the cyan line, where κ shows fluctuations from scale to scale. Nevertheless, we observed that κ computed from non-overlapping increments closely follows κ estimated from overlapping windows, especially at the smallest scales where the statistics for the computation of κ are identical or very similar.
The direct comparison between the two approaches, lower panels of Figure 4, black versus cyan line, respectively, confirms that κ estimated from overlapping increments is a good approximation for the evaluation of intermittency, and temporal correlations introduced by overlapping (Hnat et al., 2005) seem not to have a sizable effect on the estimation of κ.
4 A DISCUSSION ON THE INTERMITTENCY AND TURBULENCE OBSERVED BY THE PSP AT A CLOSE DISTANCE FROM THE SUN
The increase in κ with decreasing scales indicates the presence of intermittency, as discussed in several previous works based on PSP data (Bale et al., 2019; Chhiber et al., 2020; Chhiber et al., 2021; Dudok de Wit et al., 2020; Horbury et al., 2020). Intermittency is confirmed by the flatness behavior illustrated in all panels of Figure 4, where κ steadily increases toward smaller scales over more than three scale decades, from hours down to seconds. All approaches, two- and five-data point overlapping differencing and non-overlapping increments, indicate the same scale dependence. In general, κ estimated from five-point increments is smaller and less smooth than when computed from two-point increments. This fact is not unexpected, as the computation of five-point increments can be seen as a moving window average resulting in a smoothing of sparse large-amplitude fluctuations, hence a smoother (less intermittent) time series of increments.
We also noted the peculiar behavior of the flatness curves, estimated both from two- or five-data points and from non-overlapping increments: at time scales of the order of several seconds (all panels of Figure 4), κ reaches a maximum value and then starts decreasing. The peak value of κ (further denoted κMAX) evaluated from five-point increments is generally positioned at larger time scales compared to results from a two-point increment approach. Moreover, the maximum of κ evaluated from two-point increments is generally broader and resembles a plateau distributed over several time scales. An ample analysis regarding κMAX and a brief review of possible sources of such a behavior of the flatness curves were performed by Roberts et al. (2022). They analyzed 20-time intervals of the solar wind magnetic field measured by the Cluster mission close to Earth, over 12 years. In another analysis of more than 3000, 5 h time intervals of magnetic field data from the PSP and Solar Orbiter, Sioulas et al. (2022) found that the maximum of κ shifts toward smaller time scales with increasing distance from the Sun, albeit with a large scatter in the distribution of the scale associated with κMAX.
In Figure 4, the scale dependence of κ indicates that the intermittency of the slow solar wind at a distance of 0.17 AU from the Sun starts decreasing at time scales of about 4 s. Of particular note is the distribution of κ evaluated from five-point increments (red line in Figure 4), which provides more reliable results at such small scales (Wang et al., 2020; Teodorescu et al., 2021). The scale dependence of κ estimated from two-point increments displays the same general trend as previously discussed, with the difference that a plateau is first reached at scales of several seconds down to about one second, after which a decrease in κ is observed toward the smallest scales. A peak is present in the scale dependence of κ centered around 0.1 s, but we shall not focus on sub-proton scales in this analysis. Instead, we performed further checks on the decreasing trend of κ observed over one decade of time scales between approximately [0.4, 4] s for most data samples, including the full signal, Sig1 (Figures 2–4).
Consequently, we verified the global linearity of several higher-order moments of the structure functions (SFs) over different regimes of scales. We identified SF power law regimes (linearity in log–log representation) by applying the automatic multi-order power-law-fitting algorithm—AMPA (Tam and Chang, 2011; Teodorescu et al., 2021). The power of AMPA resides in the fact that a simultaneous fit is applied to the log–log representation of SFs of several moment orders, thus ensuring the global linearity of SFs over common ranges of scales for all moment orders. The length of Sig1, more than 55 million data points, allows for a reliable estimation of SFs up to an order of q = 6 (Dudok de Wit, 2004). In Figure 6, we illustrate the SF versus scale (diamond markers) computed for Sig1 up to q = 6 together with the fitting (straight lines) and identification of several power law regimes provided by AMPA; i.e., the breaking scales between different power laws are marked by big triangles.
[image: Figure 6]FIGURE 6 | Upper left: The scaling exponents of the second-order structure function, SF2, determined by AMPA for sub-ranges of τ [s] and transformed into frequencies as f = 1/τ [Hz]. Middle left: Scale-dependent SFs for order moments, q, up to 6 (diamond markers), and the global simultaneous fits (straight lines) over sub-ranges of scales with the same scaling exponent (power law exponent), as determined by AMPA. Lower left: Flatness, κ, as a function of τ [s]. Right: Power spectral density of the magnetic field from standard Fourier analysis applied to PSP data during its first perihelion, 01–09 November 2018. The injection, inertial, and kinetic regimes characterized by different spectral slopes are clearly separated by spectral breaks at ∼10−3 and 2 Hz. A steepening of the spectral slope is observed for the last decade of frequencies of the inertial range [0.25, 2] Hz, which correspond to the range of time scales where κ decreases [0.4, 4] s or [10-100] di. Plasma characteristic frequencies are also indicated: fci, fdi, and fρi.
The second-order SF exponents, ζ2, computed by AMPA are transformed into spectral indices, αSF, through the relation αSF =-ζ2-1 (Kolmogorov, 1941; Kolmogorov, 1962), as a function of frequency, f = 1/τ. The results shown in Figure 6 reveal that the scale dependence of the SFs up to order q = 6 displays linearity (same power law regime) over the range of scales between [0.4 and 4] s; this is precisely the range of scales for which a decrease in flatness is observed (Figure 4; Figure 6). Expressed in units of ion inertial lengths, di, such time scales correspond to spatial scales of the order of ∼10–100 di (i.e., inertial range scales), where di is ∼15 km and the mean flow velocity is ∼330 km/s for Sig1. The spectral indices derived from the second-order SF exponents (αSF, Figure 6, top left) also indicate a change in power law behavior for the same frequency interval, the one corresponding to time scales in the range [0.4, 4] s, i.e., the high-frequency decade of the inertial regime, [0.25, 2.5] Hz, before the breakpoint frequency toward the kinetic regime. A steeper spectral slope α is determined by the global multi-order fit for this frequency range, αSF = −1.8, compared to the lower frequency interval of the inertial range, [10−3,10−1] Hz, or [100-10000] di, where αSF = −1.55.
This behavior is captured by the second-order statistic, whose signature is distinguishable in the slope of the power spectral density. The traces of SF and PSD are computed and compared, i.e., the SF and PSD of the vector field components are computed, and their respective sums are then fitted. A simple transformation in the time scales into spacecraft frequencies, i.e., f = 1/τ, enables a direct comparison between the behavior of κ, or higher-order SF, over different time scales/frequency regimes and the PSD of the turbulent signal. The PSD of Sig1 is shown in Figure 6 (right). The three-scale regimes generally assumed in the classical picture of developed turbulence are very clearly delimited: the inertial regime is separated from the injection and kinetic regimes by spectral breaks observed at ∼10−3 Hz (also discussed by Chen et al., 2020) and 2 Hz (also discussed by Duan et al., 2020; Vech et al., 2020), respectively. It should be noted that the 4 s time scale, where the peak value of the flatness κMAX is observed, corresponds to a frequency of ∼0.25 Hz. A fit of the PSD in the frequency interval [0.25, 2] Hz also reveals a change in the slope of the PSD in the inertial regime: the slope becomes steeper for this last decade of frequencies in the inertial range with αPSD = −1.81 ± 0.001. An index αPSD = −1.55 is determined in the frequency interval [10−3, 2•10−1] Hz. In other words, an increase in the energy transfer rate between scales is observed. Also of note is the remarkable similarity between αPSD and αSF.
Flatter inertial range spectra or underestimated scaling exponents have been shown to emerge when the data possess a large-scale structure (Huang et al., 2010; Carbone et al., 2018). Close to the Sun, a -3/2 inertial range turbulent spectrum has been previously reported (Chen et al., 2020; Matteini et al., 2019; Dudok de Wit et al., 2020). Analyzing whether switchbacks can be considered as part of the turbulent wave field, Dudok de Wit et al. (2020) suggested that the state of the solar wind close to the Sun is a mixture of active and quiescent conditions, both characterized by similar f−3/2 spectra, although a shorter inertial range is observed for the pristine state.
Bowen et al. (2020), Dudok de Wit et al. (2020), and Duan et al. (2020) discussed possible effects that the PSP’s reaction wheels could have on kinetic scale measurements (or at spacecraft frequencies of the order of Hz or higher). One would expect that their effect would be a flattening of the spectral power and not the steepening we observe at scales that, nonetheless, are larger than the kinetic scales. It is, thus, reasonable to conclude that the change in behavior observed in the distribution of κ, the scale dependence of SF up to q = 6, and in the power spectrum are all manifestations of the physical phenomena taking part in the turbulent dynamics of the solar wind surveyed by the PSP.
We recall here a discussion by Borovsky and Podesta (2015) on the influence of current sheet thickness on the breakpoint frequency at kinetic scales (Chen et al., 2014) and on the spectral power at scales below the kinetic range breakpoint. It was argued that a steepening of the Fourier spectrum is observed in the vicinity of the break, accompanied by the formation of another breakpoint at a lower frequency, directly related to the thickness of the current sheets. In this context, the relation between the steepening of the power spectrum at the high-frequency end of the inertial regime, at 0.25–2 Hz, and the observed decrease of κ at corresponding time scales, [0.4–4] s or 10-100 di, seems to suggest that the current sheets (or switchbacks), plentifully observed in Sig1 (Dudok de Wit et al., 2020), speed up the energy transfer between scales, which in turn leads to a decrease of the intermittency level starting at inertial range scales. In addition, Chorin and Hald (2005) calculated an f−2 inertial range turbulence spectrum when the data is populated with discontinuities.
We also checked the level of intermittency for the signal and various surrogates by fitting the scaling exponent ζ(q) via the classical log-normal cascade model (Schmitt, 2003; Medina et al., 2015; Carbone et al., 2019).
[image: image]
where μ is the intermittency parameter and ℋ =ζ(1) is the Hurst exponent. The intermittency parameter μ is ∼0.02 for classical fluid turbulence. In Figure 7, we show ζ(q) (markers) and the log-normal model fit (dashed lines) for the two scale ranges: 1) large inertial range scales (black diamonds and dashed line, respectively) and 2) small inertial range scales (red triangles and dashed line, respectively). The linear dependence ζ(q)∼qℋ, cyan, and blue lines, describing non-intermittent, monofractal behavior (Carbone et al., 2018), is shown for reference. The results for the original/surrogate data are shown on the left/right plots of Figure 7. For Sig1 and Sig2, higher intermittency is detected at larger inertial range scales, with μ ∼ 0.05, than at smaller inertial scales, where μ is slightly above 0.03. For the surrogates, a value of μ∼ 0.001 seems to indicate the absence of intermittency at all scales, except for a range of small scales of Sig2 surrogate data, where μ is closer to 0.01. This result confirms the flatness analysis that the surrogates of Sig2 still exhibit some level of intermittency, especially at smaller scales, even after the nonlinear correlations have been destroyed by the randomization procedure. The Hurst exponent takes values of 0.3 or 0.4, revealing anti-persistent fluctuations.
[image: Figure 7]FIGURE 7 | ζ(q) (markers) and the log-normal fit (dotted lines) for the original data, Sig1 and Sig2, (left) and their surrogates (right) for two sets of analyzed scales/frequencies in the inertial range.
5 CONCLUSION
We analyzed 9 days of high-quality magnetic field data at about 0.17 AU from the Sun. The magnetic field fluctuations were found to be highly intermittent in several previous studies (Bale et al., 2019; Bandyopadhyay et al., 2020; Chhiber et al., 2020; 2021; Dudok de Wit et al., 2020; Horbury et al., 2020), and our results are in perfect agreement with these findings. Indeed, our analysis of the flatness parameter, κ, shows a steady increase from values close to κ = 3 at scales of the order of hours (105 di or 1 500 000 km) up to κ∼ 25 at scales of the order of seconds, i.e. 100 di or 1 500 km.
We evaluated the significance of this intermittency level through a statistical analysis based on the surrogate method proposed by Theiler et al. (1992). We tested whether a null hypothesis was falsified by the scale dependence of the flatness. The null hypothesis in our case was that the observed intermittency and flatness dependence on scales resulted from a linear Gaussian-like physical process, where the nonlinearity is due to the observation function. The linear process and the generation of a set of surrogate data are different realizations of this hypothesized Gaussian-like process. In this study, the discriminating statistic was represented by the flatness κ. We found that κ for the original PSP data spanning 9 days was significantly different than that of the surrogates; i.e., the null hypothesis was falsified. Thus, it can be argued that the measure (flatness) is a good descriptor of the intermittency resulting from the inherent nonlinear dynamics of the process captured by the magnetic field observations of the PSP.
The need to make such an evaluation was inspired by the variability of the intermittency level observed for a relatively narrow time period, i.e., 9 days of magnetic field observations near the Sun when sub-samples of the data were analyzed separately. Figures 2 and 3 illustrate this variability for contiguous data samples of varying lengths, from 3 to 24 hours. Some sub-intervals show very low levels of intermittency, with flat κ curves and κ values close to three, interspersed with some highly intermittent sub-intervals. For comparison, we superimposed the κ evaluated for the entire 9-day interval and saw that it did not represent the mean value of κ computed for various sub-samples. To understand this variability of intermittency, we applied the statistical apparatus of surrogates to Sig2, a 12 h data sub-sample of Sig1 that exhibited the highest level of intermittency. The high spread of the flatness for surrogates derived for Sig2 resulted in a wide confidence interval that engulfed the κ curve of the original data. The null hypothesis was not falsified in this case. As a result, the intermittency we determined for Sig2 does not fully reside in the dynamics but mostly in the amplitude distribution. Indeed, Sig2 is a non-stationary time series containing one isolated discontinuity/switchback (Dudok de Wit et al., 2020).
As further validation of this conclusion, we applied a data conditioning technique (Kiyani et al., 2006) and saw that by removing more and more of the isolated structure, the intermittency level for Sig2, in addition to the spread in surrogate flatness, decreased to the extent that the null hypothesis was invalidated; i.e., only intermittency resulted from the dynamics of the fluctuations was detected after the removal of the singular large-amplitude structure. The analysis revealed that a signal containing a relatively large number of extreme events, which are the principal manifestation of the nonlinear straining process of the turbulent cascade, resulted in a more reliable estimate of the intermittency level, while when the signal included a small number of extreme events (as is the case with Sig2, where only one such event is present) this led to an (artificial) overestimation of the intermittency. Evidently, data selection should be carefully considered. As proven in Figures 2 and 3, the automatic division of the data into samples of arbitrarily chosen lengths can lead to an under-/overestimation of the analyzed measure.
We also performed a direct comparison of the level of intermittency estimated from non-overlapping versus overlapping increments. The time scales accessible for a non-overlapping analysis with structure functions, and flatness, of Sig1, range from tens of milliseconds up to a hundred seconds and cover a relatively large part of the inertial regime. We noted that, when the statistics of increments are significant, the overlapping and non-overlapping flatness curves are very similar. This agreement between the two approaches is an indication that the correlations introduced by overlapping, as described by Hnat et al. (2005), have a negligible effect on the flatness parameter.
The intermittent nature of the young solar wind sampled by the PSP was revealed by the steady increase in κ toward small scales (of the order of seconds), from values of three at scales of several hours (10000 di) down to 4 s (100 di). At scales smaller than 4 s, we observed a decrease of the flatness parameter towards kinetic scales, indicative of saturation of the intermittency level. Previous works (Chian and Miranda, 2009; Wan et al., 2012a or Wu et al., 2013; Yordanova et al., 2015; Chiber et al., 2021; Roberts et al., 2022; Sioulas et al., 2022) also reported on this behavior but generally discussed the kinetic regime. We performed further checks on the behavior of κ in the time-scale interval [0.4, 4] s or [10,100] di. A simultaneous fit, AMPA (Tam and Chang, 2011; Teodorescu et al., 2021), of structure functions up to moment orders q = 6 seems to indicate that, indeed, in this range of time scales, the higher moments display global linearity. Moreover, second-order SF exponents, expressed as spectral indices through the relation αSF = -ζ2-1 (Kolmogorov, 1962; 1941), provide values remarkably similar to the power law indices obtained from a Fourier analysis of the PSD. Both methods revealed a steepening of the PSD slope in the frequency range, [0.2, 2] Hz, which covers the last decade of frequencies of the inertial regime.
The steepening of the Fourier spectrum and the formation of another breakpoint at lower frequencies are related to the presence of current sheets (switchbacks); the breakpoint frequency between the inertial and kinetic regimes is related to the thickness of these current sheets (Borovsky and Podesta, 2015). The current sheets are “active” and seem to accelerate the energy cascade at the high-frequency end of the inertial regime but reduce the intermittency in the corresponding scale range.
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