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Sunspot records reveal that whilst the Sun has an approximately 11 year cycle of activity, no two cycles are of the same duration. Since this activity is a direct driver of space weather at Earth, this presents an operational challenge to quantifying space weather risk. We recently showed that the Hilbert transform of the sunspot record can be used to map the variable cycle length onto a regular “clock” where each cycle has the same duration in Hilbert analytic phase. Extreme geomagnetic storms rarely occur within the quiet part of the cycle which is a fixed interval of analytic phase on the clock; there is a clear active-quiet switch-off and quiet-active switch-on of activity. Here we show how the times of the switch-on/off can be determined directly from the sunspot time-series, without requiring a Hilbert transform. We propose a method-charting-that can be used to combine observations, and reports of societal impacts, to improve our understanding of space weather risk.
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1 INTRODUCTION
Extreme space weather storms can disrupt power distribution, communication, aviation and satellites. They are directly driven by solar activity, but the severity of the technological and societal impact of a geomagnetic storm depends on many factors, from the amplitude of structure emitted from the corona, to how it propagates from Sun to Earth, how it interacts with the magnetosphere of the Earth (Yermolaev et al., 2013; Hathaway, 2015; Baker and Lanzerotti, 2016), and where geographically the maximum ground induced currents occur (Thomson et al., 2010). The largest events can result in significant societal impact and financial loss (Oughton et al., 2016; Oughton et al., 2017; Hapgood, 2019).
Decision making for mitigating the effects of space weather is supported by 1) forecasts of individual events that use modelling to map forwards in time a prediction of how a given space weather event will evolve in time and 2) risk estimates, that is, probabilistic estimates of the likelihood of occurrence of events of a given severity. The first of these supports real-time operational decisions, whereas the latter provides guidance on planning and preparedness which necessarily must balance resilience against cost. It is the latter that is the topic of this paper.
Risk estimates for extreme space weather events are usually aggregated over multiple solar cycles, (Siscoe, 1976; Silbergleit, 1996; Silbergleit, 1999; Thomson et al., 2011; Riley, 2012; Riley and Love, 2016; Chapman et al., 2020a), which improves the statistical sample size at the expense of averaging over different levels of solar activity. Risk estimates suggest that geomagnetic storms are more likely in the active phase of the cycle (Tsubouchi and Omura, 2007) and this solar cycle modulation appears to be stronger for the more extreme events (Tsurutani et al., 2006; Chapman et al., 2020b). However, extreme events are rare, so that statistical quantification of the solar cycle variation of their occurrence probability is challenging (Riley and Love, 2016).
Each solar cycle differs in its duration and amplitude [see e.g., (Hathaway, 2015; Russell et al., 2019)] and overall geomagnetic activity tracks this variation both within and between solar cycles (Chapman et al., 2018b; Lockwood et al., 2018; Bergin et al., 2022). Quantifying the solar cycle dependence of the risk of extreme space weather events therefore requires timing the start and end of each 11 year cycle. Sunspot data can be used to time solar cycles [e.g., Owens et al. (2011)] to facilitate comparison of long-term observations across multiple cycles. Cycle terminators (McIntosh et al., 2014; McIntosh and Leamon, 2014; McIntosh et al., 2019) have been identified based on multiple observations of coronal magnetic activity, they coincide with a rapid “switch-on” of activity. Recently Chapman et al. (2020b) used the Hilbert transform of smoothed sunspot number (SSN) to map the non-uniform duration solar cycle onto a uniform interval 2π of analytic phase. This provides a regular clock for the solar cycle which can be used to organise long-term observations of solar and geomagnetic activity. From the solar clock, a clear quiet interval in the solar cycle can be identified, with a switch-on of activity at the terminators, and a switch-off that occurs at an analytic phase [image: image] earlier, which would correspond to a duration of the quiet interval of 4.4 years in an exactly 11 year cycle. This switch-on and switch-off can be identified as sharp changes in multiple indicators of solar and geomagnetic activity (Chapman et al., 2020b; Leamon et al., 2022), suggesting that there is a clear demarcation between active and quiet phases of the cycle.
In this paper we will map back from the phase of the solar cycle clock to the time domain. This provides a cycle-by-cycle chart which can be used to integrate heterogeneous information. On the one hand, long-term observations, such as the time-series of geomagnetic indices, can form the basis of statistical quantification of risk (i.e., event return times). On the other hand, information that is partially qualitative, such as reports of technological impacts, historical auroral sightings, and lists of the most severe storms based on a variety of indicators [e.g., Knipp et al. (2021); Cliver and Svalgaard (2004)], contain valuable information about the potential hazard [e.g., Mitchell-Wallace et al. (2017)], of extreme space weather events. Charting provides a method to combine this information.
Extreme events have occurred in quiet conditions so that their risk is never zero (Thomson et al., 2010). There have been several instances where extreme storms have occurred under relatively quiet conditions, that is, not at solar maximum. The most notable of these are the 1903 event (Hayakawa et al., 2020) and the 2012 Carrington class storm that missed the Earth (Baker et al., 2013). We will see that these are examples of events that did not occur during the quiet interval, but that can occur just before/after the switch-off/on of activity.
Quantifying, and potentially predicting, the switch-off and switch-on of activity is thus of key importance to space weather resilience planning. It has the potential to translate an overall awareness of a solar cycle modulation of risk, into a quantitative estimate of the specific time intervals when the risk is high or low. Whilst it is possible to directly extrapolate the analytic phase forwards to make a prediction (Leamon et al., 2020), the well known edge effects of the Hilbert transform [e.g., Boashash (1992)] can introduce subtle systematic errors (Booth, 2021; Leamon et al., 2021). In this paper we show how the switch-on and switch-off can be directly estimated from the SSN time-series, without recourse to a Hilbert transform.
The organization of the paper is as follows. Section 2 introduces the data and provides a brief summary of how the Sun clock is constructed using Hilbert transform of the sunspot number (SSN) record. Section 3.1 details how the solar cycle switch-on and switch-off times can be directly read-off the SSN time-series. Section 3.2 discusses charting as a method to integrate heterogeneous data. This is followed by a summary.
2 METHODS
2.1 Data
We will determine the activity switch-on and switch-off times direct from the SILSO SSN version 2.0 record. Monthly sunspot observations are available since 1749 and daily sunspot number are available since 1818; data downloaded to 28 August 2022. To identify active times we will use geomagnetic indices definitive and preliminary data. The aa index is available since 1868, downloaded to 28 August 2022 and the Dst index is available since 1957, downloaded to 31 December 2021. The aa index (units, nT) (Mayaud, 1980) is discretized in amplitude (Bubenik and Fraser-Smith, 1977; Chapman et al., 2020a) so that throughout this paper we will consider days within which the aa exceeds a given threshold as an activity indicator, rather than the peak aa value. Other data and lists of events will be introduced as they are used.
2.2 Solar clock via Hilbert transform
A time-series S(t) can be expressed in terms of a time-varying amplitude A(t) and phase ϕ(t) by obtaining its analytic signal (Gabor, 1946; Boashash, 1992) A(t) exp [iϕ(t)] = S(t) + iH(t) where H(t) is the Hilbert transform of S(t). It is routinely used to test for synchronisation [e.g., Chapman et al. (2018a)] and for amplitude-frequency (Palŭs and Notovna, 1999) and mode-mode (Vecchio et al., 2017) relationships. Here it maps the variable duration of each solar cycle into a corresponding uniform 0 to 2π phase interval.
In this paper we will use both daily and monthly sunspot number for S(t). After 1818, we construct the solar cycle clock using daily sunspot number as described in Chapman et al. (2020b), again working with the 180 days smoothed daily sunspot number. Post 1749, we work with the 13 month smoothed monthly sunspot number. For both these time-series we obtain the slow trend by performing a robust local linear regression which down-weights outliers (“rlowess”) using a 40 year span (or window). The procedure is shown in Figure 1 for the monthly sunspot number record. Panel (a) plots the monthly sunspot number (black dots), its 13 month running mean (red line) and the 40 year slow trend (blue). We found previously [Figure 13 of (Chapman et al., 2021)] that this slow trend simply tracks the Gleissberg cycle (Gleissberg, 1967). The results are robust for a reasonable range of the spans over which the running mean and slow trend are obtained, the times of occurrence of the terminators obtained from the monthly sunspot number vary within ±2 months for running mean span in the range 6–25 months and for slow trend span in the range 30–60 years.
[image: Figure 1]FIGURE 1 | Analytic signal of the monthly sunspot record time-series. Monthly sunspot number (black dots) and its 13 month running mean (red) are plotted: (A) with the slow trend (blue), the 40 year window local linear regression of monthly sunspot number. (B) with the slow trend subtracted. This is Hilbert transformed to obtain the analytic signal with amplitude (C) and phase (D). In (D), solar maxima and minima are indicated by the red and green circled asterisks respectively, terminators by yellow diamonds. Zero phase is set at the average of the terminator times from McIntosh et al. (2019). Horizontal lines are at phases zero (terminator, red) and −4π/5 (pre-terminator, green).
For the analytic signal to be meaningful we require an oscillatory, albeit irregular, signal that crosses zero every half cycle as input. We therefore work with the SSN smoothed sufficiently to remove fast fluctuations from which a slow trend is then subtracted [see e.g., Chapman et al. (2018a); Boashash (1992); Chapman et al. (2020b)]. Panel (b) plots the slow trend subtracted 13 month running average smoothed SSN. This is Hilbert transformed and panel (c) and (d) plot the analytic signal amplitude A(t) and phase ϕ(t) respectively. We can plot any other quantity on these plots for which we have an occurrence time, here, we plot the solar maxima and minima (red/green circles around black asterisks). The yellow diamonds indicate cycle terminators identified in (McIntosh et al., 2019); we set zero phase at the average of these.
The switch-off (pre-terminators) and switch-on (terminators) [see Chapman et al. (2020b)] are at analytic phases −4π/5 and zero, indicated by horizontal green and red and lines respectively on Panel (d) of Figure 1. These bracket the quiet intervals of each solar cycle. They are identified by inspection of the solar cycle clock as shown here in Figure 2 [see Chapman et al. (2020b) for a statistical analysis]. The Figure 2 solar cycle clock summarizes the rationale for these particular values of analytic phase; it is a composite of results presented in (Chapman et al., 2020b) which has also been updated with current data. The clock plots as its angular coordinate the analytic phase with time increasing clockwise. It has been constructed from the daily SSN since 1818 and can overplot observations from the last 18 Schwabe cycles. The maxima and minima of these 18 cycles are shown in red and green circles respectively, along with their average phases (black lines). The terminators, identified for the last 12 cycles by McIntosh et al. (2019) are plotted (blue circles) with their average (red line). The terminator average phase estimates the switch-on of activity.
[image: Figure 2]FIGURE 2 | Solar cycle clock. Increasing time (analytic phase) is read clockwise. The clock shown is obtained from the daily sunspot number record since 1818. Analytic phases of the maxima and minima of the last 18 solar cycles are indicated by red and green circles respectively and the blue circles indicate terminators for the last 12 solar cycles (McIntosh et al., 2019). Black lines indicate the average analytic phase for the maxima and minima. A red line indicates the average analytic phase of the terminators. The pre-terminator (green line) is at a phase −4π/5 w.r.t. the terminator. Black dots arranged on concentric circles where increasing radius indicates aa values which in any given day exceeded 100, 200, 300, 400, 500, 600 nT. Blue dots overplot daily F10.7 and overplotted red, blue and green histograms show counts in non-overlapping (normalized) 3-month long bins for X-class, M-Class and C-class flare occurrence (scaled relative to each other in ratio 75:500:2000).
We plot long-term observations on the clock; binned occurrences of solar flares (6 month binned GOES X-ray flux catalog, four cycles), the F10.7 index time-series [daily solar radio flux at 10.7 cm, six cycles (Tapping, 2013)] (blue dots). Activity in the aa index (14 cycles) is indicated by plotting black dots arranged on concentric circles at any day when aa > 100, 200, 300, 400, 500, 600 nT so that extreme events appear as outward radiating “spokes”. We can then see that there is an increase (switch-on) in activity just following the terminator. By inspection, activity declines (switch-off) around the pre-terminator (green line) which we simply identified as being −4π/5 in phase w.r.t the terminator, this locates the switch-off and switch-on at approximately ± 2π/5 either side of the average phase of the minimum [see (Chapman et al., 2020b)]. Both the switch-on and switch-off provide approximate markers that bracket the quiet interval of the cycle which we now map back into the time domain.
3 RESULTS
3.1 Activity switch-off/on direct from the sunspot record
The occurrence times of the pre-terminators (switch-off) and terminators (switch-on) are essentially read off Panel (d) of Figure 1 across the entire monthly sunspot record from 1750. To improve accuracy, the 13 month smoothed SSN was up-sampled by a factor of 10 in time resolution by linear interpolation in determining these occurrence times. The times of the pre-terminators (switch-off) are when the analytic phase crosses −4π/5 and all the terminators (switch-on) are at phase zero.
In Figure 3 the pre-terminators (switch-off) and terminators (switch-on) are mapped back onto the SSN time-series. Panel (a) and (b) of Figure 3 show that the terminators (red lines/circles) occur just before the 13 month smoothed monthly SSN up-crosses its slow trend. The pre-terminators (green lines/circles) occur after the corresponding down-crossing. This immediately suggests a straightforward method to roughly estimate these occurrence times direct from the SSN record, without first performing a Hilbert transform to obtain the analytic phase. In Panel (c) of Figure 3, the black crosses provide a rough estimate of the switch-on as occurring when the smoothed SSN up-crosses the slow trend, and the switch-off as occurring 12 months after the SSN down-crosses the slow trend. We can see that these rough estimates correspond quite closely to the actual terminator and pre-terminator occurrence times found from the analytic phase via Hilbert transform. For example, the terminator that ends cycle 24 and starts cycle 25 is found from the Hilbert transform to be at decimal year 2021.3, whereas the up-crossing is at 2021.5 We emphasise that the analytic phase determined by Hilbert transform is relative, to plot a phase value we have chosen a reference, here we set the phase to zero at the average phase of the terminators found by (McIntosh et al., 2019). The times at which the terminators and pre-terminators occur are independent of how the reference phase is chosen.
[image: Figure 3]FIGURE 3 | Switch-on and switch-off times overplotted on the monthly sunspot record. The 13 month running mean of the monthly sunspot number (red) and its 40 year (lowess) slow trend (blue) are overplotted on the quiet intervals (grey shading) between each pre-terminator and terminator. (A) also plots the monthly sunspot number (black dots) and vertical lines indicating the pre-terminators (green) and terminators (red) at the start and end of each quiet interval. (B) overplots circles on the 13 month running mean of the monthly SSN when the pre-terminators (green circles) and terminators (red circles) occur, that is, when the analytic phase is at −4π/5 and zero respectively. (C) is the same as (B) except that it also overplots (black crosses) estimates of the pre-terminators and terminators based solely on the monthly sunspot record; these are at the value of the 13 month smoothed SSN 12 month after the SSN down-crosses the slow trend (for the pre-terminators) and at the time when the SSN up-crosses the slow trend (for the terminators).
In identifying the pre-terminators (switch-off) and terminators (switch-on) times directly from the SSN time-series we exploited the fact that they occur close to the down-and up-crossings respectively of the slow trend by the smoothed SSN. We would expect a linear relationship between smoothed SSN and SSN slow trend to hold if we are sufficiently close to the times where they cross each other and share the same value. In Figure 4 we test to what extent the pre-terminators and terminators are within this linear regime. We performed a linear regression of the 13 month smoothed sunspot number on the slow trend for values determined at the pre-terminators (left panel) and terminators (right panel). The coefficients with 95% confidence bounds for the line y = a (x − b) are for the terminators: a = 0.89 (0.85, 0.93); b = −0.60 (−3.75, 2.56) and the pre-terminators a = 0.70 (0.56, 0.84); b = 12.13 (−1.07, 25.34). The values of the coefficient of determination, R2 of 0.83 and 0.99 for the pre-terminators and terminators respectively, suggest that they are indeed both within this linear regime. The linear relationship is stronger for the terminators as they are closer to the up-crossings than the pre-terminators are to the down-crossings. These linear relationships between smoothed and slow trend SSN then could form the basis of a method to translate forward predictions of the SSN into a prediction of when the next switch-off or switch-on of activity will occur. A forward prediction of the SSN would provide a prediction of both the slow trend and the 13 month smoothed SSN, when these two values satisfy the linear relationships in Figure 4, they predict the next switch-on or switch-off (where the 13 month smoothed SSN up-crosses or down-crosses the slow trend respectively). The uncertainties of this prediction are given by the 95% confidence bounds on the linear fit coefficients stated above, and can be read off the 95% confidence bounds plotted in Figure 4. These uncertainties would need to be combined with that of the underlying prediction of the SSN.
[image: Figure 4]FIGURE 4 | The slow trend predicts the smoothed sunspot number at the switch-off and switch-on of activity. Linear regression of 13 month smoothed sunspot number on its slow (40 year rlowess) trend (left) at the pre-terminators and (right) at the terminators. Best fit line (solid black line) and 95% confidence bounds (dashed black lines) are overplotted on the data (blue circles). The R2 of each fit is indicated.
3.2 Charting
Both quantitative observations of geomagnetic activity, and qualitative indicators of space weather impacts, contain useful information in assessing risk, and relating it to hazard. Charting offers a method to combine this information on a cycle-by-cycle basis. Figure 5 charts the last 24 Schwabe cycles. Each of the panels plots analytic phase versus time for the monthly, and overplotted, the daily SSN. Solar cycle maxima and minima are plotted in Panel (a) for reference. The analytic phases zero and −4π/5, that is, the switch-on and switch off obtained via Hilbert transform of the SSN as described above, are indicated with horizontal red and green lines respectively. Estimates of the switch-on and switch-off times, obtained directly from the SSN timeseries as detailed in Figure 3, are indicated by black crosses. These bracket the quiet interval of activity.
[image: Figure 5]FIGURE 5 | Charting solar cycle dependence of space weather impacts. The analytic phase of the monthly, and after 1818, daily SSN is plotted versus time. In all panels horizontal lines for phase −4π/5 (green) and zero (red) indicate the switch-off (pre-terminators) and switch-on (terminators) of activity. The black crosses are estimates of the switch-on/off times obtained directly from the monthly SSN as in Figure 3. (A): Solar maxima and minima are plotted as red and green circled black asterisks respectively. Extreme space weather events are plotted on the chart. These are as follows. (A, B): Red 5-pointed stars plot days when Dst <−250 nT. Diamonds plot days when the aa index has exceeded 300, 400, 500, and 600 nT (green, orange, cyan, and black). (A, C): Blue and green circles from Table 1 and Table 2 of Knipp et al. (2021). Red 6-pointed star: a moderate December 2006 event discussed by Knipp et al. (2021). Green squares: Tables I, III, IV, and VII of Cliver and Svalgaard (2004). Red squares: Table 1 of Love (2021). Black 6-pointed star: July 2012 Carrington class event that missed the Earth Baker et al. (2013).
In Panel (b) we plot indicators of extreme space weather activity obtained directly from geomagnetic index time-series. Red 5-pointed stars plot days when Dst < − 250 nT. This may plot more than one star for an intense storm that lasts several days. Days when the aa index has exceeded 300, 400, 500, 600 nT are plotted as diamonds, coloured green, orange, cyan, and black respectively. There is one extreme event during the quiet interval in 1986 [the event noted by Thomson et al. (2010)] and two more moderate events in 1944 and 1963.
We can instead plot notable storms that have been identified using a variety of different criteria. In Panel (c) we plot the following notable storms. The green squares plot events from Tables I, III, IV, and VII of Cliver and Svalgaard (2004). These range from storms seen in a single ground based magnetometer station that correlate with preceeding solar flares, to low latitude aurorae. The red squares plot the most intense storms in each solar cycle from cycle 14 on, identified from ground magnetograms and the Dst index in Table 1 of Love (2021). Blue and green circles are Table 1 (low latitude aurorae) and Table 2 (CSAGI list, storms which were associated with disruptive technology effects) respectively of Knipp et al. (2021). None of these events occur in the quiet interval.
We overplot all of the events in Panels (b) and (c) on Panel (a). These are heterogeneous data which could not be readily combined in a statistical study to quantify risk. Importantly, the effective “coverage” is not uniform in time, it depends on availability of observations, and in assessing impact, the nature and prevalence of technology which has evolved significantly over the last two centuries. Nevertheless, the chart provides a useful method to bring together and summarize these distinct classes of information. We can see that extreme events within the quiet interval are quite rare, but importantly, some of the most intense events can occur right at the boundaries of the quiet interval. For example, the “quiet time” 1903 event Hayakawa et al. (2020) which is an aa > 600 nT event (black diamond) and which features in multiple Tables of notable events is just at the switch-on. The black 6-pointed star plots the July 2012 Carrington class event that missed the earth Baker et al. (2013) in Panel (a) and although it is not at solar maximum, it is within the active interval.
The chart shown in Figure 5 focuses on the most extreme events. These are more clearly organised by the Schwabe cycle than more moderate events (Tsurutani et al., 2006; Chapman et al., 2020b). The 27-days recurrence (solar rotation) seen in the aa index has a Hale cycle dependence (Sargent, 1985; 2021). This can be clearly resolved as a Hale cycle modulated declining phase in the approximately 22 year Hale cycle clock (Chapman et al., 2021). The occurrence of extreme events, as identified in geomagnetic index time-series, show the same solar cycle ordering as solar flare occurrence as can be seen in Figure 3 [see also (Chapman et al., 2020b)], albeit over four cycles of X-ray flux observations. This is consistent with the idea that more moderate events are more likely to be associated with Hale cycle modulated high speed streams. Further work is needed to develop a chart appropriate for more moderate events; important since these can be disruptive to technology. An example is indicated in Panel (a) of Figure 5 by the red 6-pointed star which is a December 2006 event discussed by Knipp et al. (2021) which, whilst having moderate Dst = - 147 nT had technological impact.
4 SUMMARY AND DISCUSSION
This paper is focused on how rare, extreme space weather storms are ordered by the Schwabe solar cycle. No two Schwabe cycles are of the same duration, but the Hilbert transform of the sunspot number (SSN) record can be used to map the non-uniform cycle duration onto a uniform 0 to 2π interval of analytic phase. The quiet interval of the solar cycle is located at a fixed phase interval of this solar cycle clock (Chapman et al., 2020b). In this paper the switch-off and switch-on of activity that bracket the quiet interval of the cycle are mapped from the clock (their analytic phases) back into the time-domain, to create a cycle-by-cycle chart of activity.
Once the chart is constructed from the SSN record, any event which has a known time of occurrence can be plotted on the chart. It thus provides a method to combine heterogeneous information. Space weather risk is routinely estimated from the statistics of events identified in long-term geomagnetic indices (Siscoe, 1976; Silbergleit, 1996; Silbergleit, 1999; Thomson et al., 2011; Riley, 2012; Riley and Love, 2016; Chapman et al., 2020a). Information on space weather hazard on the other hand is embodied in narratives around impacts on technological systems, economic, and societal impacts (Knipp et al., 2016; Knipp et al., 2021; Hapgood, 2019; Oughton et al., 2016; Oughton et al., 2017). It is well understood that the relationship between these is non-trivial, and solar cycle charting has the potential to yield new insights by combining this information.
When lists of the most notable storms are charted, none are found to occur in the quiet interval. Extreme events identified in geomagnetic indices only rarely occur in the quiet interval but the chance is not zero. There are examples of extreme events previously noted as occurring away from solar maximum, which when charted are found to be outside the quiet interval. One example is the Carrington class 2012 event that missed the Earth (Baker et al., 2013). Another is the 1903 event (Hayakawa et al., 2020) which occurred just at the switch-on. The fact that some of the most extreme events are found just at the boundary of the switch-off/on of activity underlines the need to quantify, and ideally predict, the switch-off and switch on times.
This paper shows how the switch-off and switch-on times can be extracted direct from the SSN time-series, without recourse to a Hilbert transform. They can be located with reference to the times at which the smoothed SSN crosses its (40 year smoothed, Gleissberg cycle tracking) slow trend. A rough approximation is that the switch-on is when the smoothed SSN up-crosses its slow trend, and that the switch-off occurs 12 months after the down-crossing. There is no unique method for predicting the next activity switch-off/on from the SSN. The appropriate method will depend on the time horizon required for the prediction. If this time horizon is several years in advance of the times where the smoothed SSN up- or down-crosses its slow trend, then a full prediction of the non-linearly varying SSN is required. However, for a prediction horizon of perhaps less than a year, a simple linear extrapolation of the smoothed SSN and the slow trend may suffice. The linear relationships found here between smoothed SSN and slow trend at the switch-off/on would form part of this prediction. As extreme events have occurred close to the switch-off and switch-on times, these linear relationships could also be used to add a safety margin to any prediction based on forwards extrapolation. Determining the optimal methodology for such a prediction, and quantifying its accuracy and skilfulness is the topic of future work.
Finally, the locations of the switch-on and switch-off are estimated to be at particular fixed values of the analytic phase of the smoothed SSN, based on an 11 year Schwabe cycle (Chapman et al., 2020b). Whilst this orders the most extreme events, more moderate events have a Hale cycle dependence in their occurrence likelihood (Chapman et al., 2021). A variety of indicators of solar output are found to exhibit sharp changes at the switch-off (pre-terminator) and switch-on (terminator) of activity (Chapman et al., 2020b; Leamon et al., 2022), offering new insights into the physics of the solar cycle of activity. The estimated switch-on and switch-off times may change when our physical understanding is more complete.
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