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Abstract

Time series analysis developed in the previous report [1] for UK mean summer
temperature has been applied to further examples of weather trends, including
temperature, rainfall and Sahara dust, and so at global, regional, national and local
levels, in an attempt to assess whether wind power is having a deleterious effect on
weather patterns.

The analysis involves detrending weather data by calculating first differences and
then computing the cross-correlation function, or CCF with wind power capacity. The
calculations are benchmarked using atmospheric CO2 concentration. The consistency
of a significant correlation is tested by detrending using linear residuals and then
calculating the CCF on the basis of the residuals, corrected for autocorrelation using
the Cochrane-Orcutt procedure [4].

In four cases, where the data were reliable, the analysis provided a clear distinction in
favour of wind power as a putative cause of the weather trends, in preference to
atmospheric CO2 concentration. Where the quality of the data was less reliable, the
outcome was inconclusive. Nevertheless, it would seem that our efforts to mitigate
anthropogenic global warning with wind power might well be having a deleterious
effect on weather patterns.
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Introduction

The current consensus among climate scientists that the science behind climate
change is settled and accounted for by anthropogenic global warming due to rising
CO: levels in the atmosphere has led to each and every adverse weather event being
ascribed to such climate change. Yet could there not be other causes which have a
deleterious effect on weather patterns, at least in addition to anthropogenic global
warming, even if not as the main cause of climate change? This article is an attempt
to address this question using time series analysis, especially in regard to the effects

of wind power.

Recently, this technique was applied to UK Mean Summer temperatures from the UK
Met Office [1]. First, the statistical significance of the data was determined by
comparing with the mean and standard deviation of the whole time series and using
the Wald Wolfowitz Runs Test. On this basis, only the rising trend in the last decade or
so (> 2009) was possibly significant. The trend was then compared with various
potential causes: atmospheric CO2, global carbon emissions, China carbon emissions
etc. By detrending, using first differences, and computing the cross-correlation
function, or CCF, only offshore wind generating capacity gave a significant level of

cross-correlation in the CCF:
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Figure 1: CCF for Mean UK Summer Temp v Offshore Wind
Capacity (First Differences)

compared with the results for atmospheric CO: :
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Figure 2: CCF for Mean UK Summer Temp v Atmospheric
CO2 Concentration (First Differences)

The cross-correlation persisted, and indeed was amplified, when a different method
of detrending was used and autocorrelation taken into account using the Cochrane-
Orcutt procedure:
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Figure 3: CCF for Mean UK Summer Temp v Offshore Wind
Capacity (CO-Residuals)

Of course, correlation is not causation. However, lack of correlation certainly excludes
causation. Hence, if the rising trend is significant, it is not caused by atmospheric CO2
levels whereas the hypothesis that it is associated with offshore wind generating
capacity cannot be rejected. In this way, time series analysis would seem to provide a
sensitive way to discriminate between putative causes of changes in weather
patterns.

Page 3



Non peer reviewed preprint

Meanwhile, further evidence for the contention that wind power may be affecting the
weather has been published by Brugger in his book, ‘Windwahn: Der Windwahn und
seine klimatischen Konsequenzen’[2] - Wind mania in English. Here the author
suggested there was qualitative correlation between (i) Global land surface
temperature and total wind power capacity; (ii) Vienna air temperature and local wind
power capacity; and (iii) Rainfall deficit and wind farms in and around Paderborn,
Germany. Below, the time series analysis developed for the UK mean summer
temperatures is applied to these examples, along with (iv) Rainfall in SW England and
Wales v. UK offshore wind capacity and (v) Sahara dust against total wind power
capacity on the same time scale 2009-2023. The latter was proposed as a test in the
original report [1]. The results are benchmarked against atmospheric levels of CO2
over the same period.

Data Analysis and Methods

Data analysis was performed using Numbers spreadsheets, one for each data set, on
an Apple iPad pro. The spreadsheet developed for the previous study of UK mean
summer temperatures served as a template. A typical table of contents is shown
below:

Table of Contents

Total Wind Power Capacity and Berkeley

Sheet 1 Global Mean Surface Temperature

Linear regression, Durbin Watson statistic,
Cochrane Orcutt corrections

CCF 1st Differences Berkeley Global Mean
Sheet 3-1  Surface Temperature v Total Wind Power
Capacity

Sheet 2

CCF Linear Residuals Berkeley Global Mean
Sheet 3-2  Surface Temperature v Total Wind Power

Capacity

Ditto - after Cochrane Orcutt Correction for

Sheet3-3  Autocorrelation p =0.70926

Ditto - Cochrane Orcutt Correction for

Sheet3-4  utocorrelation p = 0.735

CCF 1st Differences Berkeley Global Mean
Sheet 3-5  Surface Temperature v Atmospheric CO2
Concentration

Sheet 4 Workings
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In sheet 1, various correlations between the parameters for examples (i)-(v), eg.
Global surface temperature and total wind power capacity, and for the benchmark
atmospheric COo, are calculated along with linear regressions. In sheet 2, linear
residuals are determined from the regression equations of sheet 1, the Durbin Watson

statistic [3] calculated, and estimates of the extent of serial correlation, p determined,

and then applied in the Cochrane-Orcutt procedure [4]. In sheet 3.1, the cross-
correlation function, CCF, based on first difference is calculated from the formula:

2, — %) (o — Y ECx, — X2 [Z(y, — 3)H2

with x, , y, the first differences in the parameters at time, 7 and X, y, the mean values
of these quantities, with lag, /, using a tabular method for spread sheets [5]. The 95%
confidence limits are then given by i1.96/\/ﬁ with N the number of values. As a

first check on the validity of the method, the cross-correlation at lag, / = 0, calculated
in sheet 2, using the in-built function, CORREL, is compared with the value
determined via the tabular method. As a further check, the CCFs have been
calculated using a Python script incorporating the standard function np.correlate, and
are in excellent agreement with the results of the tabular method. Sheet 3.2 shows the
CCF based on the linear residuals determined in sheet 2 and the results of the validity
tests. Sheets 3.3 and 3.4 repeat the calculations using residuals corrected via the

Cochrane-Orcutt procedure for different values of p, from sheet 2, using the formula:
e =¢—p.e

where p is the lag-1 autocorrelation in the x-series and et’, the corrected residual at

time 7. In sheet 3.5, the CCF based on first differences for the benchmark,
atmospheric COo, is shown. Sheet 4 contains various bits and bobs used in preparing
the data for analysis. More details can be found in the previous report [1].

The data for global surface land temperature were taken from BerkeleyEarth.com [6]
and total wind power capacity corresponds to figure 17.14 of Brugger [2], taken from
reference [7] respectively. The temperature data were presented as an anomaly from
the 1850-1900 average and were corrected accordingly.

The data for Vienna air temperature and wind power capacity in Austria correspond to
figures 17.6 and 17.7 from Brugger [2] taken from references [8] and [9].

Similarly, the Paderborn data are based on figures 17.12 and 17.13 from Brunner [2],
and derive from references [10] and [11]. The original rainfall deficit was converted to
a cumulative deficit. As the data did not cover the entire time range under
investigation, 2009-2023, linear extrapolation was used to fill the gaps. Note the wind
power data is simply the number of wind farms in the Paderborn district, not their
capacity.

For the example SW England and Wales Rainfall v UK Wind power capacity, the
rainfall data are taken from Dee [12] and derived from from data taken from the UK
Met Office. The wind power capacity was taken over from the previous report [1] but
are also based on UK Met office data. The benchmark data for atmospheric CO2 are
also taken over from the previous report. The spreadsheet contains extra sheets 2.1,
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3.5.1-3.5.3, which allow the Cochrane-Orcutt procedure to be applied to the linear
residuals for atmospheric COa.

For the Sahara dust example, as commented on by Varga [13,14], there are very few
direct measurements of Saharan dust deposit in Europe. Instead, the data used is
derived from modelling [13,16], which ... represent the only useable quantitive data
sources of daily dust deposition in the area...’. The data from Varga was converted to
cumulative dust deposition.

The data were obtained by digitising the published figures using the web digitiser,
https:automeris.io/wpd else entered manually. The spreadsheets are available on the
iCloud on request to the author and a pdf version can be found as Supplementary
information on Zenodo: https://doi.org/10.5281/zenodo.1426706.

Results
(i) Global land surface temperature

Figure 4 (top) shows the strong correlation between the global land surface
temperature and atmospheric COo:

10.000 =0.0126x + 4.6462

R? = 0.9987

9.800
9.600
9.400

9.200

Global Land Temperature/C

9.000 " " " " ,
350.00 370.00 390.00 410.00 430.00 450.00

Atmospheric CO2/ppm

10000 = 0.0005x + 9.4917

R? = 0.9804
9.800

9.600
9.400

9.200

Global Land Temperature/C

9.000
0.000 250.000 500.000 750.000 1000.000

Total Wind Power Capacity/GW

Figure 4: Global Land Temperature v Atmospheric CO: (top)
and Global Land Temperature v Total Wind Power Capacity
(bottom)
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However, very good correlation is also found between the global land surface and
total wind power capacity, figure 4 (bottom).

Yet detrending, using first differences, yields no significant correlation in the CCF for

atmospheric COz:
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Figure 5: CCF for Global Land Temp v Atmospheric CO2
Concentration (First Differences)

whereas there is significant correlation in the CCF for total wind power capacity:
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Figure 6: CCF for Global Land Temp v Total Wind Power
Capacity (First Differences)

Page 7



Cross Correlation

Non peer reviewed preprint

As in the case of UK mean summer temperatures, this is amplified when linear
residuals are used for detrending and the Cochrane-Orcutt procedure applied:
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Figure 7: CCF for Global Land Temp v Total Wind Power
Capacity (CO-Residuals)

Thus time series analysis quite clearly differentiates between total wind power
capacity and atmospheric CO2 as putative causes for the rise in global land
temperature.

(i) Vienna air temperature

As noted by Brugger [2], the increase in Vienna air temperature tends to match that in
Austrian wind power capacity:
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Figure 8: Vienna Air Temperature v WP Capacity Austria

Applying the current analysis generates the following CCF for air temperature versus
wind power, based on first differences:
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Figure 9: CCF for Vienna Air Temperature v WP Capacity
Austria (First Differences)

Again, the positive correlation is amplified when the CCF is calculated from the linear
residuals and the Cochrane-Orcutt procedure applied:
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Figure 10: CCF for Vienna Air Temperature v WP Capacity
Austria (CO-Residuals)

On the other hand, the CCF for atmospheric CO2, based on first differences only
displays negative, significant correlation at negative value for the lag:
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Figure 11: CCF for Vienna Air Temperature v Atmospheric
CO2 Concentration (First Differences)

This would imply that the temperature goes up as the CO2 goes down and leads the
CO:2 concentration. So it seems fair to dismiss atmospheric CO2 concentration as a
cause for the increase in local air temperature.

(iii) Rainfall Deficit in Paderborn district, Germany
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Of course, changes in weather patterns and climate affect not just temperature but
also other meteorological variables, such as rainfall. As an example Brugger [2] cites
data from the Paderborn district in Germany. Indeed, there appears to be a strong
correlation between cumulative rainfall deficit and the number of wind farms in the
Paderborn area of Germany:
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Figure 12: Cumulative Rainfall Deficit v Wind farms in
Paderborn

However, neither the CCF for cumulative rainfall deficit versus the number of wind
farms nor that for cumulative rainfall versus atmospheric CO2, based on first
differences show any significant correlation. The same is true for the CCF based on
linear residuals:
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Figure 13: CCF for Cumulative Rainfall Deficit v Wind Farms
in Paderborn (Linear Residuals)
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Thus the outcome is inconclusive in regard to distinguishing between wind farms and
atmospheric CO- as putative causes. However, it seems to exclude the latter.
Moreover, the data for wind farms are incomplete and based on the number of wind
farms rather than their generating capacity. So it is not surprising the former also fails.
Perhaps the question should be readdressed, if more accurate data becomes
available.

(iv) Rainfall in South West England and Wales

The rainfall data reported by Dee [12] for South West England and Wales constitute a
12-month running average, which shows strong correlation with both atmospheric
CO2 and UK Wind Capacity:
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Figure 14: SW England & Wales Rainfall v Atmospheric CO>
Concentration (top) and SW England & Wales Rainfall v UK
Wind Power Capacity (bottom)

Indeed the CCFs based on first differences and linear residuals also show positive
correlation in both cases, although at negative lag for atmospheric CO2. See sheets
3.5.1-3.5.3 of spread sheet WT Power v Rainfall in the Supplementary Information for
details. However, the residuals are strongly autocorrelated. In these circumstances, as
stressed by Beaulieu et al [16]], it is important to include a correction for
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autocorrelation in order to avoid false positives. Consequently, the Cochrane-Orcutt
procedure was also applied to the linear residuals from atmospheric CO- as well as
those from UK Wind Capacity. After application of the Cochrane-Orcutt procedure,
significant correlation remains in the CCF for Rainfall versus UK Wind Capacity:
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Figure 15: CCF for SW England & Wales Rainfall v UK Wind
Power Capacity (CO-Residuals)

and persists in the CCF for rainfall versus atmospheric CO2 concentration yet at

negative lag:
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Figure 16: CCF for SW England & Wales Rainfall v
Atmospheric CO2 Concentration (CO-Residuals)
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Thus it seems more probable that the increase in rainfall on the time scale under
investigation is due to the increase in wind power capacity rather than to changes in
atmospheric CO2 concentration.

(v) Sahara Dust

As discussed in Varga et al [13,14], the number and intensity of Saharan dust storm
events identified in Europe have been increasing over the last decade, due to the role
of ongoing climate change. Increased warming of the Arctic has led to decreasing
temperature contrast between higher and lower latitudes which drives the jet stream.
Because of deviations in the west-east pattern, low pressure atmospheric systems
which blow through the Atlas mountains, causing severe dust storms, have turned
northwards and reached central and northern Europe.

On the other hand, it was posited in the previous report [1] that increases in Sahara
dust might be linked to increasing offshore wind capacity in the North Sea. As
indicated there, an acid test to distinguish between these scenarios would be to apply
the current time series analysis to cumulative dust data.

Yet there are few direct measurements of dust deposition in Europe and, like Varga
[13], we have to rely model simulations as the only source of quantitative data.

The modelled cumulative dust correlates strongly with both atmospheric CO2 and
total wind capacity:
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Figure 17: Cumulative Sahara Dust v Atmospheric CO-
Concentration (top) and Cumulative Sahara Dust v Total
Wind Power Capacity (bottom)

However, neither the CCF for cumulative dust versus total wind power capacity nor
that for cumulative dust versus atmospheric CO2, based on first differences, show
any significant correlation. The same is true for the CCF for total wind power capacity

based on linear residuals after application of the Cochrane-Orcutt procedure with p =
0.70926:
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Figure 18: CCF for Cumulative Sahara Dust v Total Wind
Power Capacity (CO-Residuals)

So again the outcome is inconclusive in regard to distinguishing between total wind
power capacity and atmospheric CO.. As noted by Varga [13, 14], while the modelled
dust data are in good qualitative agreement with experimental values, where they
exist, the modelled deposition rates quantitatively underestimate the experimental
ones. Perhaps this accounts for the failure of the former.

Conclusions

Time series analysis developed in the previous report [1] for UK mean summer
temperature has been applied to further examples of weather trends, including
temperature, rainfall and Sahara dust, at global, regional, national and local levels. In
four cases, where the data were reliable, the analysis provided a clear distinction in
favour of wind power as a putative cause of the weather trends, in preference to
atmospheric CO2 concentration. Where the quality of the data was less reliable, the
outcome was inconclusive. Nevertheless, the results seem to suggest that our efforts
to mitigate anthropogenic global warning with wind power might well be having a
deleterious effect on weather patterns.
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