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ABSTRACT
Solar irradiation is the major source of energy delivered to Earth’s atmosphere. Satellite
measurements of total solar irradiation are proportional in time to sunspot numbers. Sunspot numbers
have a well-organized periodic nature that is predictable in time. At the present time solar activity is in
a very low phase and will be increasing over the next few decades. The atmosphere’s consumption of
solar energy strongly depends upon the percentages of carbon dioxide and water vapor in it, which can
cause greenhouse effects. The recent increases in the percentage of water vapor and carbon dioxide in
the atmosphere have caused global warming. Water levels are affected by melting glaciers. The purpose
of this paper is to separate the influence of solar activity and greenhouse effects on global warming and
to forecast these influences for several decades.
Keywords: global temperature, sunspot numbers, total solar irradiation, Kolmogorov-Zurbenko filters

1. INTRODUCTION
The influence of solar activity to Earth’s climate has been a much-discussed topic in
current research including: Gray et al. (2010), Kossobokov et al. (2010), Soon and Legates
(2013), Trenberth (2014), Sun et al. (2016), and Tiwari et al. (2016). Sunspot numbers, which
has been observed since 28 BC, are known to have a periodicity of 10-11 years (Hathaway
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2015, Stephenson and Clark 1978). Sunspot numbers data is essential to the analysis of solar
influence to the Earth’s climate as Potrzeba-Macrina and Zurbenko (2019) and Zurbenko and
Potrzeba-Macrina (2019a) prove that solar energy on Earth is proportional to sunspot numbers.
In addition, Zurbenko and Potrzeba-Marina (2019a,b) have studied this topic and their
research differs than the previous research because they are considering the separate scaled
components of sunspot numbers. Zurbenko and Sowizral (1999) and Tsakiri and Zurbenko
(2010) prove the necessity of such separation as without separating scaled components
erroneous conclusions may be drawn. Zurbenko and Potrzeba-Macrina (2019a,b) use the
Kolmogorov-Zurbenko (KZ) filter to separate the scaled components of sunspot numbers into
the long-term, mid-term and short-term (noisy) components so as to remove the solar influence
on climate and investigate the effects of solar activity due to human influence.
Zurbenko and Potrzeba-Macrina (2019b) remove the long-term component of average
temperature, which is correlated with solar activities. The removal of the long-term component
allows Zurbenko and Potrzeba-Macrina (2019b) to more closely review the unexplained portion
of temperature which is due to geographical factors on Earth. By separating temperature into
its long-term, mid-term and short-term components, Zurbenko and Potrzeba-Macrina (2019b)
are able to show the increase in the human contribution to temperature fluctuations that has
occurred within the last several decades. Zurbenko and Potrzeba-Macrina (2019b) provide
graphical displays of global changes or annual increases due to human influence that clearly
indicate differences based on geographical regions.
Positive temperature changes on Earth are created by solar energy supplies and the
conservation of these supplies within the atmosphere. The purpose of this paper is to introduce
a new opportunity that provides the prediction of the increases in the long-term component of
solar activity for the next 30-50 years. The authors determine upper and lower limits for their
predictions both of which confirm an overall increase in solar activity in upcoming decades.
This increase may cause extreme weather phenomena in some geographical regions.

2. DATA SOURCES
This paper involves analysis of solar influences using average monthly sunspot numbers
data, which is free and available online from the Sunspot Index and Long-term Solar
Observations (SILSO) website (sidc.be/silson/infosnmtot). The sunspot numbers data used for
the analysis is monthly data from January 1749 – November 2019. Total solar irradiance (TSI)
data observations were downloaded for free from Virgo version 6_005_1602 created on March
14, 2016 from the Active Cavity Radiometer Irradiance Monitor (ACRIM) on the website
http://acrim.com/. The downloaded file contained daily TSI measurements (watts per meter
squared) beginning in January 1996 (Frohlich et al. 1997). For the purpose of this study
researchers took a subset of this file, namely 2000 – 2015, since it was a sufficient length of
time and earlier observations between 1996 – 2000 were missing. U.S. temperature data is also
used by the authors and this data was from hundreds of U.S. locations downloaded from the
National Climatic Data Center (NCDC) on the website www.ncdc.noaa.gov. Additionally,
global temperature was also included in the download resulting in temperature data for a total
of over 900 locations worldwide.
The temperature data obtained from NCDC was the Global Historical Climatology
Network Monthly Version 3 (NCDC_NOAA_GHCNM_TempAVG_QCA v3) dataset.
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3. THE KOLMOGOROV-ZURBENKO FILTERS
The Kolmogorov-Zurbenko (KZ) filter is a symmetric filter that is an iterated moving
average and is available in the KZA package of R-software (Close Zurbenko and Sun, 2018).
The KZ filter has parameters: window size (m) and number of iterations (k). It is denoted
KZ(m,k). The Kolmogorov-Zurbenko Fourier Transform (KZFT) can be used to smooth spectra
and to reconstruct periodic signals. The KZFT filter has parameters: window size (m) and
number of iterations (k). For periodic signal reconstruction the filter requires an additional
parameter that is the sampling frequency rate as a multiplication of Fourier frequencies (n). The
KZFT filter is available in the KZA and KZFT packages in R-software (Close Zurbenko and
Sun 2018; Yang and Zurbenko 2012). The parameters for these filters are chosen based on a
physical understanding of the data that is being investigated. The filters are robust and have
reliable results with datasets that contain missing values or are multidimensional. For more
information on the KZ and KZFT filters refer to Zurbenko and Smith (2017), Potrzeba-Macrina
and Zurbenko (2017), and Yang and Zurbenko (2010).
4. THE SEPARATION OF SUNSPOT NUMBERS’ DIFFERENT SCALED
COMPONENTS
Solar activity and the deliverance of solar energy to Earth impacts climate on Earth. In
order to analyze the effects of solar energy to Earth’s climate sunspot numbers data can be used.
However, it is imperative that the sunspot numbers data is separated into its different scaled
components to avoid the inference of erroneous results. For further information regarding the
importance of separating scaled components, refer to Zurbenko and Sowizral (1999) and Tsakiri
and Zurbenko (2010).
There are several periodicities natural to sunspots numbers data (Figure 1). Therefore, the
raw sunspot numbers can be separated into three scaled components, namely the long-term
component, the mid-term component (namely the 8-11-year periodic component) and the shortterm (or random noise) component. The authors determined the long-term periodic component
of sunspot numbers by applying KZ(129mo, 3) to the raw sunspot numbers data (Figure 1). The
long-term component was removed from the raw data and then KZ(13mo, 3) applied to the
result to ascertain and smooth the mid-term component (Figure 1).
Total solar irradiance (TSI) as defined by the Oxford dictionary of Astronomy is the
measure of radiation transmitted to Earth from the Sun over all wavelengths. A display (Figure
2) of raw sunspot numbers observations of raw sunspot numbers obtained from SILSO and TSI
observations extracted from VIRGO/SOHO on the ACRIM website (Frohlich et al. 1997) in
monthly increments from January 2005 – December 2015 shows that a correlation between
them exists.
However, in order to determine such a correlation, it is necessary to first remove the high
frequency component because direct correlation analysis could produce erroneous results. In
order to remove the high frequency or short-term (random noise) component, the KZ filter was
applied to both the sunspot numbers data and TSI data with parameters for both applications of
the KZ filtration were m = 13 months and k = 3 iterations.
The filtered results confirm that a very high correlation does exist between sunspot
numbers and TSI (Figure 3).
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Figure 1. Raw average monthly sunspot numbers from January 1749 – November 2019 and
its smoothed long-term and mid-term components.

However, the available observations of TSI data is short in length. Therefore, the result
from the KZ filtration produces an edge effect. An edge effect is occurring because of the nature
of KZ filtration. Due to the limited time available the length of the dataset for TSI is short and
the KZ filter considers only half of its length over the existed data. Therefore, when the KZ
filter neared the end of the available data the effects of TSI observations near the end of the
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dataset were enhanced. Potrzeba-Macrina and Zurbenko (2019) provide an algorithm that can
correct the edge effect and they use the method to remove the edge effect from the TSI data.
Potrzeba-Macrina and Zurbenko (2019) determine that the correlation-squared value between
the smoothed sunspot numbers data and the smoothed TSI data after the removal of the edge
effect exceeds 99%.

Figure 2. Raw sunspot numbers and total solar irradiation (TSI) observations from January
2005 – December 2015.
This high R2 or correlation-squared value confirms the observation of a relationship
between TSI and sunspot numbers. Since TSI data is not as easily attainable as sunspot numbers
this strong relationship permits sunspots numbers to be used as a statistically accurate substitute
for TSI in such research endeavors since sunspot numbers are easily measured and available
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for a longer amount of time. Potrzeba-Macrina and Zurbenko (2019) and Zurbenko and
Potrzeba-Macrina (2019a) use such a substitution to analyze long-term temperature fluctuations
with sunspot numbers and to draw inferences to climate effects.

Figure 3. Sunspot numbers and TSI with their short-term components removed through
KZ(1yr, 3).

Other research pertaining to the influence of solar radiation energy levels on human life
has also been conducted, such as, Zurbenko and Cyr (2011, 2013), Valachovic and Zurbenko
(2014, 2017), Zurbenko and Luo (2012, 2015) and Arndorfer and Zurbenko (2017).
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Figure 4. The long-term components of sunspot numbers, global average temperatures
(from 927 locations) and U.S. average temperatures (from 768 nationwide locations) over
the period of January 1917 – December 2016 in monthly time increments.

The analysis of Zurbenko and Potrzeba-Macrina (2019a) separates sunspot numbers into
three components, namely the long-term component, mid-term component and short-term (or
noisy) component. Through this separation of scales, Zurbenko and Potrzeba-Macrina (2019a)
are able to attribute the portion of temperature data that is not explained by TSI to human
influence on solar energy. These influences may differ regionally. It is the conclusion of
Zurbenko and Potrzeba-Macrina (2019a,b) as well as Zurbenko and Sun (2014, 2015, 2016)
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and Zurbenko and Potrzeba (2009, 2013a, 2013b) that solar irradiation fluctuations impact
extreme weather phenomena.
To analyze human influence on temperature changes the authors reviewed temperature
data from the NCDC at over 900 location worldwide. Figure 4 shows a 100-year comparison
of the smoothed long-term sunspot numbers component with the smoothed long-term
component of the worldwide average temperature from 927 stations and the long-term
component of the U.S. average temperature from 768 locations. From this graphical display
(Figure 4) it is apparent that the oscillations between the two temperature datasets are aligned
with a vertical shift from atmospheric activities within the temperature component.

Figure 5. The human contribution to temperature fluctuations comparing monthly averages
from January 1920 – December 2016 for U.S. locations and global locations.
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The delay in the global long-term temperature is slightly shifted from the long-term U.S.
temperature due to the cosine square law along latitudes (Zurbenko and Cyr 2011; Yang and
Zurbenko 2010). Zurbenko and Potrzeba-Macrina (2019b) also review the temperature attained
from over 900 global stations from the National Climatic Data Center (NCDC) to investigate
human influence on temperature fluctuations. They used the KZ filter to spatially smooth the
data obtained from all 900+ stations and had special focus on the U.S. locations. Since most of
the locations were in the United States once can better analyze the impact of sunspot numbers,
or namely TSI, to temperature change in this region. Zurbenko and Potrzeba-Macrina (2019b)
were able investigate regional differences in the human contribution to overall temperature
changes. By analyzing the long-term temperature their results did confirm an increasing trend
over the past three decades within most locations. Global and U.S. averages of human
contributions to temperature increase were consistent (Figure 5) and showed an overall
increase. The results of their research show the rate of increase in temperature due to human
contributions and the various regional differences. The cause for such differences needs further
investigation.

5. PREDICTION OF SUNSPOT NUMBERS
Since sunspot numbers are easily attainable and periodic in nature the periodic signal can
be forecasted ahead in time. As is mentioned in the previous section, Potrzeba-Macrina and
Zurbenko (2019) conclude that there is a strong correlation between total solar irradiance (TSI)
and sunspot numbers thereby allowing the substitution of sunspot numbers for TSI. The
capability of forecasting sunspot numbers to use in lieu of TSI will allow researchers to make
predictions of human influences ahead in time.
Zurbenko and Potrzeba-Macrina (2019a) separate the signal of sunspot numbers into
three major components, the long-term component, mid-term component and short-term (noisy)
component. The sunspot numbers spectrum does identify a long-term periodicity of
approximately 90 years. While the sunspot numbers data is available dating back to 1749 it is
too short of an observation length to provide an accurate determination of such a long-term
periodicity. The sunspot numbers spectrum (Figure 6) does identify three periods within the 8
– 11-year range. One of those periods is 10.8 years which has a frequency of 0.0077160494
cycles per month and 10 years which has a frequency of 0.00833333333 cycles per month.
The difference of these frequencies is 0.0006172839 cycles per month and corresponds
to a period of 135 years. This long-term periodicity is the result of a phase accumulation
between periods 10.8 years and 10 years. The phase accumulation partially explains long-term
oscillations within sunspot numbers and therefore within TSI. Potrzeba-Macrina and Zurbenko
(2019) discuss how all planetary cycles can be used to forecast the long-term oscillations of
sunspot numbers and thereby forecast TSI.
For the purpose of this investigation the researchers considered the mid-term component
which is the 8-11-year periodic component. The KZFT filter was used three separate times to
reconstruct the three periodic components of this mid-term component, namely the 8.5-year
periodicity, the 10-year periodicity and the 10.8-year periodicity. These signals will be denoted
by KZFT(f) where f represents the frequency of the reconstruction (a parameter necessary for
this application) or KZFT(period) detailing the period for the reconstruction.

-216-

World Scientific News 144 (2020) 208-225

Figure 6. The smoothed spectrum of sunspot numbers using the DZ method at 1% level.
The spectrum is zoomed to the peaks corresponding to the mid-term component frequencies.

After the application of the KZFT filter about each of the specified frequencies in order
to construct the mid-term component first the minimum length of the three filters was
determined and used for the length of the mid-term component because the KZFT filtration
process does shorten each signal length; for more information refer to Yang and Zurbenko
(2010). The minimum length was 3215 months. Therefore, the length of each reconstructed
KZFT signal was considered over this time length, namely January 1749 – November 2016.
To determine the amplitude of each piece of the reconstructed mid-term component, first
the amplitudes of the corresponding peaks from the DZ spectrum (as displayed in Figure 6),
which are 1345981.320, 1056196.695 and 224686.555 for the periods 10.8 years, 10 years, and
8.5 years, respectively, were ascertained.
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Let s represent the sum of the squares of these amplitudes from the DZ spectrum.
1
1
1
Therefore, the amplitude of each KZFT(f), for 𝑓 = 10.8𝑦𝑟 , 10𝑦𝑟 , and 8.5𝑦𝑟 , is the
corresponding DZ spectrum value divided by the square root of s. This allows the sum of the
squares of the amplitudes to be equal to one.
The reconstructed mid-term component is:
1345981.320
√𝑠

KZFT(10.8yr) +

1056196.695
√𝑠

KZFT(10yr) +

224686.555
√𝑠

KZFT(8.5yr)

Figure 7. The reconstructed periodic signals of the mid-term component of sunspot numbers
about periodicities: 10.8 years, 10 years, and 8.5 years.
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Figure 8. The reconstructed sunspot numbers signal with forecasted 30-year signal including
both upper and lower bound predictions.

Following the reconstruction of the mid-term component, the log transform was analyzed.
The log transform did not improve the quality of the short-term noise therefore the analyses are
enough without such a transformation. The reconstructed KZFT signals were analyzed and
showed that at the end it is in a large dip or minimum of the cycle (Figure 7). Since the sunspot
numbers were at a low phase in the cycle the researchers repeated this with a previous similar
dip in the cycle to create optimistic and pessimistic forecasts. These optimistic and pessimistic
forecasts were considered by selecting previous minimums near the year 1821 and the year
1797, respectively. The exact determination varied slightly within those time frames as they
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were each determined through the precise reconstruction of the periodic component by
KZFT(f). From each of these minimums a length of 360 months was considered for the
forecasts. The purpose of this reconstruction is to forecast the signal. The ability to predict
sunspot numbers allows researchers the ability to predict TSI observations (since as previously
stated sunspot numbers and TSI have a strong correlation and sunspot numbers may be used a
substitute for TSI that is not easily attainable (Potrzeba-Macrina and Zurbenko, 2019)).
This reconstruction allows the prediction of TSI which is vital information in
understanding and predicting climatic events on Earth. Each of the three periodic components
was forecasted ahead by upper and lower bound extensions. Figure 8 shows the resulting
reconstructed sunspot numbers signal with both extensions. The long-term component of
sunspot numbers is automatically included because the analysis included a start from a dip in
the phase cycle. The upper and lower bound extensions both show an increase in solar activity
over the next 30 years. Global temperatures will therefore continue to rise because of this solar
activity. With global temperatures increasing this may cause an increase in water vapor
accumulations and stronger greenhouse effects which in turn could result in extreme weather
phenomena in some global regions.

6. CONCLUSIONS
Sunspot numbers are periodic in nature. The spectrum of the sunspot numbers data clearly
provides three periodicities within the 8 – 11-year range, a periodic component known to
researchers through observation and recorded in previous research (Hathaway 2015;
Stephenson and Clark 1978). Since sunspot numbers are periodic their periodic signal can be
reconstructed using the KZFT filter. The reconstruction of this signal not only predicts values
of sunspot numbers, but also provides researchers with a prediction for TSI due to the strong
correlation between sunspot numbers and TSI. Solar radiation levels have a vital impact on
human life on Earth and this prediction affords researchers the opportunity to forecast and
investigate future climatic and perhaps catastrophic events.
Positive temperature changes on Earth are created by solar energy supply and the
conservation of this supply by the Earth’s atmosphere. Solar energy supplies have some
periodicity which affects temperature on Earth. The conservation of energy depends on
greenhouse effects that are caused by carbon pollution and water vapor in the atmosphere.
These contributing factors, carbon pollution and water vapor, have been rapidly increasing in
the last half a century, thereby increasing the human contribution to temperature changes
(Zurbenko and Smith 2017; Zurbenko and Luo 2015). Global warming contributes to the
melting of ice glaciers and rising water levels. The increasing water levels create more water
vapor in the atmosphere along with an increase in clouds and weather anomalies. At the present
time the long-term solar activity component is at a very low mode and so is the approximate
100-year and 11-year periodic components of sunspot numbers. This allows the authors of this
paper to see that the long-term component is at a lowest point and infer that it may decline
further. The authors also take the opportunity to receive upper and lower limits for this
component. Both limits confirm the prediction of an increase in solar activity in the next 30 –
50 years. Due to solar activity this increase will further increase global temperatures. Such an
increase will in turn cause more water vapor accumulation and stronger greenhouse effects
which may result in catastrophic weather events for some regions.
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Considering the long-term component of the average U.S. temperatures (from the 768
stations) and the long-term component of the average global temperatures (from the available
927 stations) a linear regression was conducted using the long-term global average temperature
component as the predictor variable (X).
The result of the linear regression was:
𝑌 = 0.927300𝑋 + 0.684751
with 𝑅 = 98.87%. The intercept of this linear regression was the actual average of the
differences in temperature.
The authors then used the cosine square law to determine the difference in temperature.
According to Zurbenko and Cyr (2011), the cosine squared law states that along latitude 𝑦,
temperature in degrees Celsius is:
2

𝑇(𝑦) = 35.194 cos 2 (𝑦) − 10.589
The average U.S. latitude across the 768 stations was 39.5907 ℃. From the cosine
squared law 𝑇𝑈𝑆 (39.5907) = 10.311133521. Since the majority of the 927 global stations
were in the northern hemisphere the authors considered only those stations in the northern
hemisphere for their analysis. The average latitude of the global stations in the northern
hemisphere was 38.2763 ℃. The cosine square law provides 𝑇𝐺𝐿 (38.2763) = 11.1006129.
The difference in temperature following the cosine squared law was determined to
be, |𝑇𝑈𝑆 (39.5907) − 𝑇𝐺𝐿 (38.2763)| = 0.78927769. This difference is very close to the true
average temperature difference, 0.865. The little inaccuracy follows from an uneven space
distribution of available information. Nevertheless, this approach provides an opportunity to
determine global warming trends by predicting the difference in long-term temperature over
any global region.
A linear regression of the long-term global temperature on the long-term sunspots
numbers provides the prediction of the long-term global temperature component due to solar
activity. For the linear regression the authors excluded the last time period, which was strongly
influenced by the human contribution when sunspot numbers were reaching a historically low
point. The slope of this linear regression was 0.00163, which may be used for the prediction of
the long-term global temperature by solar activity.
This slope provided a prediction of an increase of approximately 0.3 ℃ in long-term
global temperatures over an approximate increase in long-term sunspots numbers of about 200
by the year 2050. Using a linear regression of the global human component of temperature on
time the authors forecasted the human contribution to the long-term average global
temperatures to the year 2050. This linear regression (Figure 9) extended in time to the year
2050 predicted an increase in the human contribution to average global temperatures of
approximately 0.2 ℃, which results in a total increase of 0.5 ℃ by the year 2050. Such
processes may be accelerated by melting glaciers and increasing humidity levels. A
simultaneous increase in average humidity and total solar irradiation may cause disproportional
changes in different geographical regions. This in turn will cause an increase in extreme weather
events. Increasing humidity levels and increases in temperature will be contributing factors for
higher levels of infectious disease distributions. Researchers may reproduce global regional
effects by repeating the authors’ calculations over any regional information. This approach
provides the opportunity for numerical predictions of any regional global climate change.
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Figure 9. The human contribution to long-term global temperatures with the resulting linear
regression of this on time forecasting the human contribution to the year 2050.
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