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Abstract –Solar Cycle 24 has almost faded and the activity of Solar Cycle 25 is appearing. We have
learned much about predicting solar activity in Solar Cycle 24, especially with the data provided by
SDO and STEREO. Many advances have come in the short-term predictions of solar flares and coronal
mass ejections, which have benefited from applying machine learning techniques to the new data. The
arrival times of coronal mass ejections is a mid-range prediction whose accuracy has been improving,
mostly due to a steady flow of data from SoHO, STEREO, and SDO. Longer term (greater than a year)
predictions of solar activity have benefited from helioseismic studies of the plasma flows in the Sun. While
these studies have complicated the dynamo models by introducing more complex internal flow patterns, the
models should become more robust with the added information. But predictions made long before a sun-
spot cycle begins still rely on precursors. The success of some categories of the predictions of Solar Cycle
24 will be examined. The predictions in successful categories should be emphasized in future work. The
SODA polar field precursor method, which has accurately predicted the last three cycles, is shown for Solar
Cycle 25. Shape functions for the sunspot number and F10.7 are presented. What type of data is needed to
better understand the polar regions of the Sun, the source of the most accurate precursor of long-term solar
activity, will be discussed.
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1 Introduction

Space Weather is driven by the periodic variation of the
magnetic field at and above the solar surface. Dynamo motions
of plasma within the convection zone generate that magnetic
field. Once the magnetic field has erupted through the surface
it can become organized into active regions. The magnetic field
in and above these active regions will eventually be destroyed
by either being converted into radiation and energetic particles
by solar flares or by being ejected from the Sun in coronal mass
ejections. The short-wavelength photons, energetic particles,
and magnetic field emitted from the Sun by solar activity
can affect satellites in orbit, radio-based communications, and
terrestrial power grids.

Long-term predictions of the level of solar activity are
needed by NASA to build spacecraft that will operate in the
hostile environment of space. The predictions are needed to
anticipate the space weather effects on space missions that
can last two 11-year sunspot cycles. These predictions also test
our understanding of the solar dynamo and the models used to
understand the cause of flares and coronal mass ejections.

Ham radio operators are another consumer of solar cycle
predictions. One ham radio operator lamented the inaccuracy

of the predictions of Solar Cycle 22, noting that the large range
of available predictions meant no accurate prediction was
possible (Weatherley, 1980). Solar Cycle 24 was somewhat of
a disappointment to hams. It produced the worst propagation
since the invention of HF radio!1 HF radio uses frequencies
between 3 and 30 MHz, which are strongly affected by iono-
spheric conditions.

Solar Cycle 24 started in December 2008, following a solar
minimum that had lasted longer than average and reached
record low levels of solar and geomagnetic activity (Solomon
et al., 2010). This cycle has had a low level of activity, unlike
the three similar Solar Cycles that preceded it but much like
Solar Cycle 16 at the beginning of the 20th century.

Solar Cycle 24 may have had fewer sunspots than average
but large events, such as the fast coronal mass ejection
(CME) of 23 Jul 2012 (Russell et al., 2013) have still happened.
Another unusual occurrence was active region 12,192, which
formed in October 2014 as the largest active region since
November 1990, reaching a peak area of 3300 l-hems during
its disk passage between 17 and 30 Oct 2014. It also produced
6 X-class and numerous M-class flares during its initial disk
passage (Sun et al., 2015).
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Many predictions of the amplitude of Solar Cycle 24
appeared, even before the actual time of minimum (Pesnell,
2008, 2012, 2016). Based on the analysis below, this sunspot
cycle generated more predictions than any of the previous three.
Most of the predictions predict only the amplitude and time of
the next solar maximum. Missing is the finer-grained time
behavior, such as the timing of cycle extrema, which are usually
found by examining not only the sunspot number record but
also other measures of solar activity, such as the flare rate,
emergence rate of magnetic flux, or areas of coronal holes, that
may peak at different times of the sunspot cycle.

Solar Cycle 24 has now faded and Solar Cycle 25 is
appearing. What did we learn from Solar Cycle 24 and how will
that guide us into Solar Cycle 25.

2 Data used

We will use three data sets to explore predictions of solar
cycle amplitude, two versions of the International Sunspot
Number and the solar spectral irradiance at a wavelength of
10.7 cm (F10.7). The sunspot numbers are described in the next
section.

F10.7 is a well-known index of solar activity that has been
measured on a daily basis since 1947 Covington (1969) and
Tapping & Charrois (1994). F10.7 peaks at solar maximum
and fades to around 60 � 10�22 W m�2 Hz�1 � 60 SFU at
solar minimum. The average of the annually-averaged peak
value in the sunspot cycles since 1950 is 190 ± 35 SFU and
the average of the top 15 daily values is 350 ± 12 SFU. It should
be noted that the 15 highest daily values in Solar Cycle 23
averaged 275 ± 15 SFU. And 15 highest daily values in Solar
Cycle 24 averaged 125 ± 20 SFU. So recent cycles are not
well-represented by the earlier data.

Because it has a short latency of 24 h, F10.7 is often used as
a proxy for solar activity in models of the thermosphere (to
understand satellite drag) and ionosphere (for radio wave
interference). Therefore, predictions of F10.7 are very useful
to operators of satellites and the Space Weather community.

3 Sunspot number and solar cycle shapes

Mission designers and operators want solar cycle predic-
tions today. The predictions don’t have to be physically correct
but they do have to be usable. They like F10.7 but want a
standard variable. That standard is now S, which replaced
RZ in July 2015. Both versions of the International Sunspot
Number (Version 2, S, and Version 1, RZ) were downloaded
from the SIDC website2 and are shown in Figure 1.
Annually-averaged values of S and RZ are shown since 1818,
along with the ratio of the two versions. Although the current
cycle has had a lower level of activity than any sunspot cycle
since Solar Cycle 16 it is still an interesting cycle.

Predictions of Solar Cycle 24 used either RZ or F10.7
(converted to RZ with a linear correlation fit.) Predictions of
Solar Cycle 25 have been reported in RZ, S, and F10.7
(converted to RZ with a linear correlation fit.) The presence of
two versions of the sunspot number adds to the uncertainty in

comparisons of the predictions within SC 25 and between
SC 24 and SC 25.

3.1 What is the sunspot number (S)?

Sunspots are the longest existing quantitative record of
solar activity. They have been recorded for some 400 years
(about 35 cycles) including times of low to absent activity (such
as the Maunder Minimum from 1645–1715) and the largest
cycle on record (Solar Cycle 19, 1954.3–1964.8).

The sunspot number is the most common long-term index
of solar activity created from telescope-aided visual counts of
number of sunspots (Ns) and the number of groups they form
(Ng). These counts are then combined to form the sunspot
number. The form of the Version 1 sunspot number (also called
the Wolf or Zurich sunspot number), RZ = k(10Ng + Ns), was
finalized by Wolf (1861) of Zurich Observatory. The k is an
observer-dependent quality factor that was set to 0.6 after Wolf
died in 1893. Since 1981 the sunspot number has been
produced at the World Data Center SILSO in Brussels from a
worldwide network of over 85 stations. Daily values since
1818 are available from their archive, along with monthly
means since 1749, and annual means since 1700. Data from
before 1700 is more sporadic.

Between 2011 and 2015, a series of community-wide work-
shops resulted in the first re-calibration of the sunspot number
(Clette et al., 2014; Clette & Lefèvre, 2016). This new version
of the sunspot number, S = 10Ng + Ns, has been served by
SILSO since July 2015 and the original sunspot number was
deprecated. The most important change was to remove the k,
which scales the whole series upwards by about 1.6, with some
time spans showing more complicated corrections. This is
shown by the dashed line in Figure 1.

3.2 Theoretical shape of sunspot number and F10.7

A prediction of S or F10.7 requires a shape function. Several
authors have used the functional form

SðtÞ ¼ A
t3

eðt=bÞ
2 � c

ð1Þ

Fig. 1. The time dependence of annually-averaged S (in blue) and RZ

(in red) plotted as a function of time. Plotted in a dashed line to
100 � S/RZ, showing how the major difference between the versions
is a normalization, but recent values of the ratio have had a solar
cycle dependence.

2 http://www.sidc.be/silso/
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to represent the original sunspot number (Hathaway et al.,
1994). Time is referenced to the time of solar minimum (tmin),
which is not a free parameter in the fit. The use of a function
that resembles a Debye function to represent S can be traced to
a Poisson distribution that omitted the c from the denominator
(Stewart & Panofsky, 1938; Cook, 1949). It is timely to do
this for S as the recalibration changed the shape of several
of the double-peaked cycles (Pesnell, 2018). The discrepancy
in shape also reduced the agreement between the shape of RZ
and F10.7. Shape functions for both will now be derived.

Assuming the shape function of equation (1) automatically
provides several relationships. The shape parameter c was
included in a preliminary set of fits. That initial fitting was
insensitive to the value of c, except for producing a few outliers
that had c > 1, which cannot be permitted. As a result, the value
of c was set to the average of those converged values (c = 0.74)
and held constant for the final set of fits. Assuming c is constant
means that the time from minimum to maximum is linearly
related to b:

tmax � tmin ¼ 1:081b ð2Þ
while the maximum of S is

Smax ¼ 0:504Ab3: ð3Þ

The integral of the model sunspot number over a cycle is
approximately Z 1

0
SðtÞdt � 1:267Smaxb; ð4Þ

where the constant is the sum

1:287 � 0:992
c

X1
k¼1

ck

k2
: ð5Þ

We used the curvefit routine in IDL to fit annually-averaged
values of S in the available solar cycles with the function in
equation (1). The times of solar minimum listed in Pesnell
(2018) were used as the starting time of each cycle. An error
of 2.6

ffiffiffi
S

p
was used in the fits. The fitted curves are shown in

Figure 2, where S is shown in black and the fits to each cycle
are shown in colors. The fits capture most of the variation, mak-
ing the theoretical fit useful for plotting predictions.

The values of A and b from each cycle where then fitted
with power-laws of Smax to give smooth functions for use in

predictions (Fig. 3). These relationships are A = 4.15 � 10�4

S1:83
max and b = 15.7 S�0:265

max years. A fit to the monthly-mean
sunspot number gives the same A but b changes slightly to
15.7 S�0:272

max years. This difference disappears when the coeffi-
cients in the fits are rounded to two significant digits. These
relationships between A and b can be combined to eliminate
Smax and produce a relationship between A and b.

Because the SODA Index uses F10.7 as the index of solar
activity, we repeated the fits with values of annually-averaged
F10.7. The minimum value of F10.7 was subtracted before
calculating the fits. The fit coefficients are AF = 3.13 �
10�4 F10.71:99max and bF = 13.9 F10.7�0:267

max years.

3.3 Why predict S?

The original sunspot number (RZ) was shown to be a direct
proxy of vertical magnetic flux (Stenflo, 2012) and the total
magnetic flux (Wang & Sheeley Jr., 2002), forming a unique
reference for solar dynamo models, climate studies, and solar
activity predictions. Because S is heavily based on the same
input data, S should also be a good proxy of magnetic flux. That
means predictions of S are also predictions of the Sun’s
magnetic field. Sunspot number is also highly correlated with
modern quantitative indices such as F10.7, EUV flux, occur-
rence of flares, and active region areas.

Fig. 2. The correlation fits used to derive the dependence of A (left plot) and b (middle panel) along with a demonstration that Smax = 0.504Ab3

(drawn with a 45� line.)

Fig. 3. The time dependence of annually-averaged S (in black)
plotted as a function of time. The converged fit for each Solar Cycle
is plotted in a color that varies from purple to red going from left to
right.
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However, time scales are important. S isn’t a good predictor
of flares; while short-term predictions of B may be useful for
flares but don’t help in multi-year forecasts.

3.4 What else could or should be predicted?

Sunspot number corresponds to a quantity that covers less
than half of the solar surface. Are there quantities that cover
larger areas of the Sun that could be used as the predicted
variable? One such variable is the magnetic field. Our quantita-
tive knowledge of the solar magnetic field continues to grow,
but spans only four sunspot cycles. Other quantitative data with
similar (or longer) temporal coverage that could be used to
predict Space Weather effects are:

1. F10.7: A direct measure of the effect of the magnetic field
on electrons but an indirect measure of the energy input
into planetary atmospheres. Tends to be strongly
weighted to the active latitudes. Already predicted by
several authors.

2. EUV spectral irradiance: The solar extreme ultraviolet
spectral irradiance (EUV, reported as a function of wave-
length in units of W m�2 nm�1) corresponds to emissions
with wavelengths between 10 nm and 124 nm. EUV
emissions are the source of the bulk of the ionosphere
and are well-correlated to the ground-based indices
RZ, S, and F10.7. If the Sun were a blackbody at an effec-
tive temperature of 5770 K there would be no almost no
solar emissions at EUV wavelengths. For example, the
ratio of the spectral irradiance of a 5770 K blackbody at
30.4 nm to its peak value at a visible wavelength of
500 nm is 10�26. Due to the effects of the solar magnetic
field this ratio is 10�4 in the solar spectrum because of the
brightness of the He II 304 emission line. The Sun emits
EUV radiation over much of the surface and corona,
making it a more global quantity than S. Continuous
measurements of the EUV spectral irradiance exist since
2001, covering only two relatively weak sunspot cycles,
so this is probably insufficient coverage of the possible
solar cycle changes. Flares with X-ray irradiances energy
covering the known range have occurred in those two
cycles. So sufficient data may exist to enable short-term
forecasting of the EUV spectral irradiances.

3. X-ray flares: X-ray flare irradiance has been measured
since 1965, some five sunspot cycles of coverage. An
energy source to the lower thermosphere, flares are
responsible for many of the short-term variations in the
ionosphere. Heavily weighted to active latitudes. The
gross counts of solar flares follow the sunspot number,
mostly because flares tend to occur above active regions.

4. Filaments: An indicator of the magnetic field in the corona
and chromosphere. The loss of a filament as a coronal mass
ejection is the most geoeffective Space Weather source on
the Sun. A plot of the filaments in Cartes Synoptiques de la
Chromosphère Solaire shows that filaments pretty much
cover the Sun during solar maximum. Filaments were used
to partition the solar magnetic field to develop a precursor
of the next solar cycle by (Tlatov, 2009).

5. Properties of the polar coronal hole and polar magnetic
field: The area of the polar coronal hole (PCH) has
been examined as a possible precursor of solar activity

(Kirk et al., 2009, 2019, Hess Webber et al., 2014).
Although the PCH area variations are out-of-phase with
solar activity that time dependence still includes large
annual and semi-annual variations that confuse the inter-
pretation of the data. Worse, the area at minimum does
not vary with the polar magnetic field in the few available
examples (Kirk et al., 2009).

6. Properties of the polar magnetic field: The strength of the
polar magnetic field has been used as a precursor for the
last three sunspot cycles. Extending the record using polar
faculae may provide a longer baseline of measurements
(Schatten & Pesnell, 1993; Priyal et al., 2014). If the polar
field can be predicted then the prediction of following
cycles may be possible.

7. Energetic particles from the Sun and magnetosphere:
Energetic particles can come directly from a flare or indi-
rectly from a coronal mass ejection or high-speed stream.
A prediction of the direct input from flares would simply
come from the prediction of the flare. The indirect parti-
cles are more difficult as the solar input has to propagate
to the Earth and interact with the magnetosphere. This can
produce high energy particles but also a complicated geo-
centric latitude and time dependence.

One plan would be to have mixed timescale predictions:

1. Provide long-term (year–decade) forecasts of the solar
activity using precursor-oriented forecasts in combination
with flux-transport models.

2. Use short-term forecasts of the EUV spectral irradiance to
predict daily to monthly variations of solar output relevant
to predicting the ionosphere & thermosphere.

3. Build models of the solar magnetic field that can forecast
the occurrence and strength of solar flares to predict rapid
response of ionosphere & thermosphere as well as radio
communication and navigation outages.

4. Have an accurate model of the photoelectrons produced
by the absorption of the X-ray and EUV photons.

However, the sunspot number is still our only truly long-
term solar activity index. Until we have 4–5 more cycles of
EUV spectral irradiance, especially having several cycles that
grow to levels of activity similar to Solar Cycle 19, S and
F10.7 are still the prediction variables for long-term work.

4 Predictions of Solar Cycle 24

At least 105 predictions of the amplitude of Solar Cycle 24
(R24) were produced before, during, and after solar maximum
in February 2014. In this discussion the amplitude will
refer to the annually-average sunspot number. For Solar Cycle
24 this is R24 and for Solar Cycle 25 this will be S25, reflecting
the change to Version 2 of the International Sunspot Number.
Most of the predictions, individually and categorized, did not
produce an accurate forecast of Solar Cycle 24. Only the solar
polar field category had a significantly positive skill score
(Pesnell, 2018).

But a poor prediction is not “bad” – if what you learn from
try N allows you to generate a better try for N + 1.
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4.1 What can be learned from ensemble predictions?

Ensemble predictions place individual predictions in cate-
gories to form groups of similar algorithmic output. So long
as the algorithms are similar, the ensemble may provide a more
accurate forecast as well as an assessment of the algorithm(s).
The ensemble can also show when one algorithm is not as effec-
tive as another. This differs from ensemble weather forecasts.
In that case, you vary the initial conditions consistent with their
errors (and possibly the assimilated data within their errors) to
see how the forecast changes. By averaging many results you
should produce a more accurate forecast. Solar cycle predictions
are not typically time integrations of conservation equations
(although dynamo models do those integrations.) Here the
averaging is over the different algorithms to see if the categories
provide a more accurate forecast.

Several studies have examined the accuracy of the ensem-
bles of amplitude predictions for Solar Cycles 20–24. (Vitinskii,
1965, Table 21) lists seven forecasts of the amplitude of Solar
Cycle 20, but does not critically compare the methods.
McIntosh et al. (1979) discussed 38 predictions of Solar Cycle
21 without categorizing them. Brown (1986) categorized the
predictions for Solar Cycle 21 and summarized 31 predictions
of Solar Cycle 22 by category. Li et al. (2001) split 63 predic-
tions of Solar Cycle 22 into Groups A (37 predictions that rely
solely on solar activity data) and B (26 that use solar activity
data along with additional external information such as solar-
geophysical data). Li et al. (2001) also categorized 48 predic-
tions of Solar Cycle 23 into the same Groups A (31) and B
(17). Solar Cycle 23 appears to have been the first cycle where
an official panel produced a consensus forecast (Joselyn et al.,
1997). The panel considered 28 predictions of the amplitude,
dividing them into six categories (Climatology, Even/Odd,
Neural network, Precursor, Recent climatology, and Spectral)
but not showing the numbers in each category.

Pesnell (2016, 2018) examined the ensemble of predictions
for Solar Cycle 24. He followed the Solar Cycle 24 Consensus
panel and replaced the Even/Odd category of the Solar Cycle 23
panel with the Dynamo Model category (Biesecker & The Solar
Cycle 24 Prediction Panel, 2007). Another ensemble analysis of
Solar Cycle 24 predictions is described by Petrovay (2020).
They divided 23 predictions into three categories: precursor
methods, model-based methods (consistent with the dynamo
category), and extrapolation methods (a combination of the
climatological, spectral, and neural net categories).

4.2 Climatological or statistical methods

Climatological or statistical forecasts assume that the future
of a system can be determined from the statistical properties of
the past. One example is that R24 will be the average of all
observed maxima, Rave = 115 ± r0, where r0 = 40 provides a
standard error estimate (Pesnell, 2008). This average is an
important comparison for all other predictions.

This category had a large spread in values, with the largest
and smallest predictions of R24. The values were clustered near
the climatological average rather than the actual, below-average,
value. Pesnell (2018) found that the climatological predic-
tions of Solar Cycle 24 were less accurate than those in the pre-
cursor category. This agrees with Brown (1986) and Li et al.
(2001), who concluded that methods using a single source of

information gave more widely varying predictions for Solar
Cycles 21–24.

This category has now done poorly in compilations of
predictions for Solar Cycles 21–24. Perhaps splitting into
subcategories, to better understand their predictive skill, might
make these predictions more useful.

4.3 Neural nets or machine learning

Neural nets (NN, also ML and AI) forecasts are derived
from nonlinear, statistical algorithms that determine and model
complex relationships between inputs and outputs to find pat-
terns in the data that can be extrapolated. With the increase in
computer capabilities and access to ever-larger datasets, neural
net predictions have become quite common. An analysis of
sunspot number is often a first project in Machine Learning
(see, for example, Dancho & Keydana, 2018).

The six neural network forecasts for Solar Cycle 24 had a
large dispersion, and the four later entries were for smaller
amplitudes than the first two. The seven existing NN and ML
predictions of SC 25 have an average of S25 = 100 ± 45.

My concern with these forecasts is that they are essentially
climatological with a hidden layer mystifying the reasons for the
correlations. They may find correlations we hadn’t anticipated
but for Solar Cycle 24 they did no better than hand-crafted
correlations. One interesting prediction of Solar Cycle 25 used
a feed-forward NN to predict the sunspot butterfly diagram
(Covas et al., 2019). The authors then summed over latitude
to produce a forecast of a very low amplitude for Solar Cycle
25 as well as the shape of Solar Cycle 25. Such predictions
might be improved if the magnetic butterfly diagram was used.
This would include information about the polar regions in the
analysis. Although the sum over latitude to calculate the active
region contribution would have to omit the poleward surges and
poles, a sum over latitude would include the long-lived
magnetic fields near the poles.

4.4 Dynamo models

The Dynamo Model category was new in Solar Cycle 24.
Although it had the second fewest contributions, the standard
deviation of the predictions was large enough to include the
actual amplitude of Solar Cycle 24. The last 12 years have seen
a lot of work in dynamo models to enable better predictions.
More accurate models of the erupting magnetic field, necessary
to allow them to be compared with measurements, are described
by Yeates & Muñoz-Jaramillo (2013). Some early work in
assimilating data into a realistic model was described by Svedin
et al. (2013) and Svedin (2013). Unlike the troposphere, we
have limited information about the interior of the Sun and no
in situ data about conditions between the photosphere and
temperature minimum at the top of the chromosphere.

4.5 Precursors

Precursor predictions are the leading indicators of solar
activity and remain the most common category of predictions.
These predictions use multiple sources, have smaller scatter,
and tend to group around the actual amplitude of the upcoming
maximum (Pesnell, 2016). This led to the common wisdom that
precursors were superior, which seems to be valid in Solar
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Cycle 24. This category had the largest number of predictions of
Solar Cycle 24.

One class of precursor predictions combine geomagnetic
activity and solar activity into a geomagnetic precursor pair
(Ohl & Ohl, 1979; Feynman, 1982; Hathaway & Wilson,
2006; Pesnell, 2014). Another class that combines the solar
polar field with an index of solar activity was first described
by Schatten et al. (1978). Geomagnetic and solar polar precursor
predictions were compared for Solar Cycle 22 by Layden et al.
(1991), who found the geomagnetic precursors were more
reliable than the polar field precursor because of the paucity
of historic solar polar data. This was confirmed for Solar
Cycle 23 by Hathaway et al. (2001). A weighted combination
of precursor predictions was recommended by Hathaway
et al. (1999) to improve the forecast of Solar Cycle 23. The
combined prediction was a little lower than the consensus panel
value, but was still above the actual maximum.

Some of this over-estimate may come from the sensitivity of
geomagnetic precursors to the long decay of Solar Cycle 23.
One common algorithm removes the current cycle’s activity
from the geomagnetic index. In the absence of other informa-
tion, if that removal is incorrect then so is the precursor predic-
tion (Pesnell, 2014).

Another precursor method uses the number of spotless days
near solar minimum to predict the upcoming maximum. Pesnell
(2012) showed how marking days in RZ without observations
with zeroes caused this method to perform poorly in Solar Cycle
24. This was corrected in S. Helal & Galal (2013) analyzed the
effect of using S instead of RZ on a spotless days prediction of
Solar Cycle 25. They produced a prediction of S25 = 170. This
prediction should be updated as we now know the annual
number of spotless days in 2019, which appears to be the peak
in this minimum.

Figure 4 shows the correlation plot between the maximum
annual number of spotless days as the abscissa and the
maximum annual sunspot number as the ordinate. The signifi-
cance of this correlation can be estimated from the correlation
coefficient (r = �0.367) and number of points (18). Using the
two-sided test, there is a 13% chance that the correlation is
spurious. A linear fit of Sn = 242 � 0.33 SPn gives
S25 = 150 ± 20 for SP25 = 273. The fit assumed there were
errors in both variables. This prediction requires data one year
past solar minimum to guarantee that the maximum in spotless
days has passed.

Petrovay (2020) concluded that the solar polar field precur-
sor was consistent and that precursor methods were superior to
their listed extrapolation methods, which are a combination of
the climatological, spectral, and neural net categories.

Solar polar precursors are less sensitive to the phasing of
solar minimum because they use a peaking leading indicator
instead of a vanishing one. They are discussed in Section 5.

4.6 Recent climatology

The Recent Climatology class was very sparse in Solar
Cycle 24 predictions. Only four entries by two authors, with a
tight grouping well above the actual value and the average. This
category emphasizes recent behavior over the long-term. Solar
Cycles 21–23 had a general downward trend and any persis-
tence or Even-Odd forecast would be unable to break that trend.
Only when the full variability of the solar dynamo is captured

can a climatological prediction be expected to make an accurate
prediction.

Some naïve predictions for Solar Cycle 25 in this category
were explored by Pesnell (2018). No predictive skill was found
in those studies. The estimated forecast error approached the
limit of

ffiffiffi
2

p � r0, where r0 is the standard deviation of all
maxima from the climatological average, that indicates the
forecasts are simply random numbers with no predictive skill.

4.7 Spectral

Spectral forecasts look for invariant quantities in a Fourier
analysis of the sunspot time series. Invariants could include
frequencies whose amplitudes are either conserved or can be
represented with a simple time dependence. Autoregressive
forecasts, wavelet-based forecasts, and predictions based on
the motion of the solar system baricenter were placed in this
category. Some of the nonlinear time series analysis models that
are based on an explicit dynamo model equation were placed in
this category. The 24 forecasts in this category tended to predict
that Solar Cycle 24 will have slightly below-average activity.
One standard deviation from the mean of this category included
both the long-term average and the actual amplitude of Solar
Cycle 24.

Spectral methods appear to be very effective because the fit
looks smooth. A simple Fourier fit to S (after inverting every
other cycle as described by Bracewell, 1953) is an excellent
reproduction of the data. You can then put any dates into the
fitting function and get an extrapolation of S. Unfortunately, that
extrapolation is a reprise of the fit. You can get no new behav-
ior, such as a maximum that differs from the fitted data, from
the fit. If you include the Maunder Minimum (from 1645 to
1715) in your fit, then roughly every 400 years you will predict
another Grand Minimum.

Long-term predictions can use Fourier analysis of actual
data and then make assumptions about the variation of the

Fig. 4. The maximum annual number of spotless days in each inter-
cycle interval vs. maximum annual sunspot number of the following
solar cycle. Values for Solar Cycles 1–24 are shown as black plus
signs. The solid line is a linear fit to the data and the blue “+” is the
prediction that S25 = 150 based on using a spotless day count of 273
in 2019 in that fit.
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Fourier coefficients to extrapolate the future. Any extrapolation
has to report an error that increases with time. The error may be
small at the beginning of the interval, but the uncertainty grows
without bound until another calibration point can be inserted.
All long-term extrapolation algorithms have this problem.

5 Success of polar field predictions

Polar field precursors (like SODA) have done a reasonable
job of predicting the peak of four cycles, often before minimum
(Pesnell & Schatten, 2018).

The magnetic field near both poles goes through zero near
solar maximum and reaches its largest magnitude near solar
minimum. Its averaged value near solar minimum has been used
as a precursor of solar activity (Schatten & Pesnell, 1993;
Schatten, 2005; Svalgaard et al., 2005; Pesnell & Schatten,
2018; Bisoi et al., 2020).

Figure 4 shows the variation of the solar polar magnetic
field since the Wilcox Solar Observatory began regular observa-
tions in 1976.3 The magnetic field measurements were averaged
over six-month intervals. The northern (blue) and sign-reversed
southern (red) magnetic field are shown separately, along with
their difference (green). The difference is a better indicator of
the average global magnetic field. The modulation of the polar
field sampling caused by tilt of the solar rotation axis with
respect to the ecliptic plane is greatly reduced in this smoothed
and averaged data.

The time dependence of the polar magnetic fields and
their usefulness as a precursor have been examined (Muñoz-
Jaramillo et al., 2013; Upton & Hathaway, 2018). These fields
were also used to drive an assimilative model of the solar cycle
that made a prediction of a low amplitude for Solar Cycle 24
(Choudhuri et al., 2007).

6 Solar Cycle 25 is coming!

Published predictions of Solar Cycle 25 span from an
average amplitude to small or absent (Upton et al., 2019).
It appears that predictions of Solar Cycle 25 will again have a
large spread of values. But the largest prediction amplitude is
less than r0 above the average while the largest prediction
was almost 2r0 in Solar Cycle 24.

Table 1 shows several predictions of annually-averaged S25
by this author. For example, Pesnell (2018) calculated the
climatological average of S (Save = 180), the most robust
statistical forecast, the value of r0 = 60, and the timing of

extrema in S. He also showed that two recent climatology
predictions were essentially producing random results.

The SODA Index (update) in Table 1 predicts a smaller
amplitude of Solar Cycle 25, and the timing of maximum
moved earlier. The latter is caused by the new shape function
described in Section 3.2 rising more quickly than the fit in
Hathaway et al. (1994).

7 Conclusions

Solar cycle predictions are an interesting and practical area
of research. Only by making and analyzing these predictions
will we build accurate models of the solar dynamo. The
amplitude predictions of Solar Cycle 24 spanned all possible
historical values, from vanishing to unprecedented levels of
activity. Only the solar polar field category was consistent in
predicting the amplitude of Solar Cycle 24.

1. An ensemble analysis of the many predictions of Solar
Cycle 24 shows consistency with the category analyses
of earlier authors. The climatological or statistical fore-
casts have performed poorly in four sunspot cycles.
Precursor predictions have fared better, but many of them
require information close to or spanning solar minimum.
The one new category, dynamo models, generated more
effort in flux-transport models as well as full-blown con-
vection zone models.

2. We should give less emphasis on climatological or statis-
tical predictions. Few seem to work. This may include
neural nets and machine learning algorithms that focus
only on data involving active regions. But so far 16 clima-
tological or statistical forecasts of Solar Cycle 25 have
been published. And, once again, they span the range of
the predictions.

3. A variable suitable for predicting solar cycle amplitudes
should include as much of the past variability as possible.
Otherwise, local trends can dominate the prediction. Solar
Cycles 19–24 roughly decreased in amplitude, meaning the
Space Age has only seen one cycle that increased in activ-
ity (SC 20–21). How does that limit our understanding of
the dynamo? Quantitative measurements of the global
solar magnetic field span an even smaller time period.

4. Predictions of Solar Cycle 25 have a smaller spread than
did those of Solar Cycle 24 and tend to be grouped around
the same amplitude as SC 24.

5. Even as we converge towards an ensemble prediction of
the amplitude, the timing of the next solar maximum
should also be considered. Although the amplitude and

Table 1. Examples of Solar Cycle 25 predictions.

Assumption S25 Date of max. Reference

SODA index 135 ± 40 2025.2 ± 1.5 Pesnell & Schatten (2018)
SODA index (update) 125 ± 40 2024.6 ± 1.5 Current work
Cycle N + 1 = hNi 180 ± 60 2025.4 ± 1.2 Pesnell (2018)
Cycle N + 1 = Cycle N � 1 180 ± 85 – Pesnell (2018)
Cycle N + 1 = Cycle N 115 ± 70 – Pesnell (2018)
Spotless days 150 ± 20 – Current work, Section 4.5

3 http://wso.stanford.edu/Polar.html
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timing predictions are linked by the Waldmeier effect,
where higher amplitudes is correlated with shorter cycles,
they can be done independently.

6. Moving the date of accurate predictions to ever-earlier
times before solar minimum or extending the predictions
to include multiple sunspot cycles has been requested by
the users of the predictions. Until we can accurately pre-
dict the next cycle the best we can do is embrace
hSmaxi = 180 ± 60 as the prediction of following cycles.
Families of predicted cycles can be generated and used
as conditions in Monte Carlo explorations of the future.
Creating earlier accurate predictions means finding
precursors with a valid value before minimum. The solar
polar field tends to reach its peak soon after solar
maximum (Fig. 5) and the scatter about that value is
one contributor to the error estimate.

7. The success of the polar field precursor predictions shows
that we should determine what information is missing in
our understanding of the solar polar regions. This region
of the Sun is where the solar dynamo manifests during
solar minimum. Understanding its variation is as impor-
tant as understanding the sunspot record. The polar crown
filaments are the only place where the magnetic field of
the new cycle merges with and removes the field of the
previous cycle (Karna et al., 2017). This may account
for their longevity and orientation. The polar coronal hole
is still a fuzzy object that refuses to be accurately mea-
sured (Hess Webber et al., 2014; Karna et al., 2014; Kirk
et al., 2019).

Unfortunately, ham radio operators may be in for another
disappointing 10 years of poor HF propagation. The polar mag-
netic field shows that Solar Cycle 25 will peak in late 2024 or
early 2025 with a slightly higher amplitude than Solar Cycle 24!
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