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Introduction

After reading a recent book by John L. Casey, Dark Winter, 2014, about the start of a global
cooling event due to a sunspot minimum, a post by Dan Pangburn on the HOCKEYSCHTICK
website, 2013, recent comments on Casey’s research posted on Jim Milks website, January 8,
2015, Alan Carlin’s book, Environmentalism Gone Mad, 2015, and John Christy’s testimony to a
Congressional committee on climate change, February 2, 2016, | felt compelled to comment on
the issue of global warming. | acknowledge that | have only a general knowledge of climate
science. However, most of my career in the oil industry has involved solving problems based in
geology and making predictions on where to find oil and gas and the amount to be expected.
Predictions are also the main currency of climate scientists.

Background and Data
Three predictions of the mean global surface temperature anomaly in 2031 are 0.91°C (Milks,

2015), 0.15 °C (average of two estimates) (Pangburn, 2013) and -0.75 °C (Casey, 2014, Figure 1).
The reference temperature is the mean temperature over the 30-year period from 1961-1990.
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Figure 1: Milks’ prediction (2015) for the global temperature anomaly in 2031 compared to Casey’s
prediction (2014) and the average of Pangburn’s predictions (2013).

The main driver for Milks’ high prediction is increased green-house gases in the atmosphere.
The main driver for Casey’s and Pangburn’s low predictions is low sun spot activity. This
analysis will use a simple but rigorous mathematical analysis to calculate a most likely estimate
of the temperature range in which the 2031 temperature anomaly will lie by statistically
weighting the high and low best estimates. (See references 5, 6, 7, 9 and 10 for other




viewpoints on the quality of global temperature datasets and the influence of solar activity on
climate change.)

The average measured slope of the temperature anomaly trendline for over 100 years is 0.08 °C
per decade to 2016. The approximate slopes of the trend lines from 2016 to 2031 that fit Milks’
and Pangburn’s predictions are 0.20 °C per decade and -0.31 °C per decade, respectively. These
slopes are 3 and 5 times greater than the historical average slope. Because of the high positive
and negative predicted slopes with respect to the historical data, Pangburn’s and Milks’
predictions are taken to be representative of low and high estimates of the 2031 temperature
anomaly trendline for this analysis. The relevancy of establishing low and high estimates for this
analysis is discussed in more detail below. Casey’s prediction is considered to be an outlier
because of the substantially lower 2031 temperature estimate of -0.75 °C and a very high slope
of approximately -0.9 °C per decade.

The graphs in Figures 2 and 3 show the relationships between the monthly global mean surface
temperature anomalies (HadCRUT4 time series relative to the 1961-1990 mean temperature)
with trend lines fitted to the data and the 2031 temperature anomalies predicted by Milks and
Pangburn for 2031. For each graph, the predicted temperature anomaly estimate for 2031 has
been added to the HadCRUT4 dataset to extend the polynomial trendline to 2031.
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Figure 2: Jim Milks’ temperature anomaly prediction for 2031 of 0.91°C and the HadCRUT4 monthly
global mean surface temperature anomaly dataset and trendline projected to that point and the
trendline equation. The future slope of the trendline reflects the addition of Milks’ 2031 prediction to
the HadCRUT4 dataset.
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Figure 3: Dan Pangburn’s average temperature anomaly prediction for 2031 of 0.15 °C and the
HadCRUT4 monthly global mean surface temperature anomaly dataset and trendline projected to that
point and the trendline equation. The future slope of the trendline reflects the addition of Pangburn’s
2031 prediction to the HadCRUT4 dataset. For comparison, the 0.91° C point is Milks’ prediction for
2031.




Explanation of Triangular Probability Distribution Function

To work around unavoidable prediction errors because of incorrect assumptions and limited
data, petroleum scientists often present predictions as a range of expected values or best
estimates. An expected value converges to a more accurate prediction as the available data
increase and the methodology improves. A mathematically exact formula can be derived to
calculate a best estimate from a continuous probability function. In the absence of a large
dataset of predictions, in this case, independent global mean temperature anomaly predictions,
a good approximation of a best estimate can be calculated from a triangular distribution
function (Figure 4).
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Figure 4: Three ways to represent the probability distribution of the same dataset. The area under
the continuous function is 1.0, and the curve can be expressed by an equation. The discrete function
can be represented by a table of values or a bar graph. The triangular distribution function is a special
case of a continuous function defined by three vertices and the connecting straight lines and is the
method used in this commentary to analyze 2031 temperature predictions.

For the triangular distribution, f;f(x)dx + fBCf(x)dx can be shown to equal the value of (A +
B +C)/3, which is the probability weighted average of the function, that is, the expected value or
best estimate for the event represented by the distribution. For this discussion, the event is a
predicted temperature anomaly in 2031 (x axis on graphs).

A = A low predicted value (a value near the 2.5% percentile of a probability function, i.e.,
Pangburn’s prediction for this analysis, 0.15 °C)

C = A high predicted value (a value near the 97.5% percentile of a probability function, i.e.,
Milks’ prediction for this analysis, 0.91 °C)

B = The mode of the probability function (the most frequently occurring value of a probability
function. For a normal distribution, mode = mean = best estimate = expected value.)



The triangular distribution is well-suited to analyze the statistical implications of Milks’ and
Pangburn’s predictions of the global mean temperature anomaly in 2031 as well as other
climate predictions.

Calculation of Best Estimate of the Global Mean Temperature Anomaly Range in 2031

Based on the large departures of Milks’ and Pangburn’s 2031 temperature anomaly estimates
from the past temperature anomaly trendline, reasonable estimates of the A and C values in
the calculation of the probability weighted mean for a triangular distribution function described
above are 0.91 °C and 0.15 °C, the high and low predicted values of the function. The value of
the mode B is unknown but must lie between 0.91 °C and 0.15 °C. Without knowing the mode
of the distribution, a single best estimate for the 2031 temperature anomaly cannot be
calculated, but the highest and lowest best estimate values can be calculated to establish a
range in which the best estimate or expected temperature anomaly would lie. For this analysis,
the value of both A and B, the high estimate and the mode, is taken to be 0.91 °C, which results
in a positive-skewed distribution function from which the high best estimate can be calculated.
The value of both C and B, the low estimate and the mode, is taken to be 0.15 °C, which results
in a negative-skewed distribution function from which the low best estimate can be calculated.
These calculations determine that the range of likely values for the 2031 temperature anomaly
would be expected to lie between 0.40 °C and 0.65 °C (Figure 5). Current technology and
databases available to climate scientists are simply not yet adequate to predict future
temperature anomalies other than over a range of values for a relatively short time into the
future. (The use of triangular distribution functions to predict best estimates is based on notes
from W. C. Hauber, Shell Oil Company, circa 1967. For more details on the methodology, refer
to https://en.wikipedia.org/wiki/Three-point_estimation.)

Highest Best Estimate = 0.65°C Lowest Best Estimate = 0.40°C
calculated from a positive-skewed calculated from a negative-skewed
distribution of predicted 2031 anomalies distribution of predicted 2031 anomalies
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Figure 5: The best estimate of the trendline global temperature anomaly in 2031 is a value between
0.65 °C and 0.40 °C based on triangular distribution functions and Milks’ prediction (0.91 °C) and
Pangborn’s prediction (0.15 °C average). The expectation of the 2031 temperature anomaly is a
rectangular distribution function ranging from 0.65 °C and 0.40 °C.



https://en.wikipedia.org/wiki/Three-point_estimation

The most important result from this statistical analysis is that a best estimate of the
temperature anomaly trendline value in 2031 is within the range from 0.40°C to 0.65°C (Figure
6). This is a remarkable result. High and low probability weighted estimates of the trendline
anomaly projected to 2031 indicate that the relatively stable global temperature trend of the
past 18 years could be followed by a slow cooling period lasting at least another fifteen years
and possibly longer.
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Figure 6: Prediction of likely range of global temperatures to expect in 2031 based on triangular
probability distribution functions and predictions from outside studies (Milks, 2015 and Pangburn,
2013). Possible values of the 2031 temperature anomaly range from 0.40 °C to 0.65 °C with a
likelihood of about 95 percent that the actual 2031 trendline anomaly will lie within that range. (The
HadCRUT4 anomaly for November 2018 is 0.591.)

Another method to evaluate the likely global temperature change from 2016 to 2031 is to
project the trendline of the HadCRUT4 temperature anomaly time series and the rate of change
of the trendline anomaly curve into the future. Figure 7 shows the HadCRUT4 dataset
temperature anomalies from 1902 to 2016 and the red trendline for that dataset, which is
discussed above. The first derivative of the trendline is the green curve, the rate of change of
the temperature anomaly trendline in °C per decade.

The sinusoidal shape of the first derivative trendline curve clearly displays the oscillatory
behavior the time series of temperature anomalies that is not so easily recognized from the
modulated temperature series trendline curve alone. Over the last 110 years, half cycles (zero
slope to zero slope) of the temperature trendline have ranged from about 18 to 57 years and
averaged 38 years (See the red arrows in Figure 7 that mark times of zero slope and indicate
trendline temperature reversals). If that oscillatory behavior of more than 100 years is
indicative of the future behavior of the trendline of the temperature anomaly data, then the
current period of declining rates of increase in trendline temperatures, which began in 1998
could reverse to a negative slope by 2021 and increase in negative slope well into the 2030s,
i.e., the mean global surface temperature trendline will decline.
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Figure 7: The red dashed curve is the trendline of the HadCRUT4 temperature anomaly dataset in
units of °C relative to the 1961-1990 mean temperature of the dataset. The first derivative of the red
trendline in units of °C per decade is the green curve. The red arrows mark times of zero slope and
indicate trendline temperature reversals. The projections of the curves from 2016 to 2031 are
calculated from the polynomial trendline equation derived from the 1902 to present dataset. This time
period has the best fit for a polynomial trendline. In April, 2016, the upward increase of the HadCRUT4
temperatures peaked, and the monthly average temperature fell below 1.0 °C. The temperature
anomalies are also below 1.0 °C in May and June.
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Figure 8: This is a summary of the results of the two methods used to evaluate the likely range of
the mean global temperature anomaly in 2031. The statistical analysis of climate model studies
(Pangburn, 2013 and Milks, 2015) predicts a range of 0.40 °C to 0.65 °C in 2031 (hachured vertical
bar on graph). The analysis of forward projections of the HadCRUT4 time series predicts a range of
0.61°C to 0.68 °C (small solid black vertical bar on graph). The ranges overlap in the interval from
0.61°Cto 0.65 °C. The green curve (first derivative of the temperature anomaly trendline) reaches
zero in 2021, which would be the first temperature maximum for the trendline since 1964 and the
beginning of a period of declining absolute temperatures and a negative slope of the temperature
anomaly trendline that may persist for decades.




Figure 8 is an enlarged view of the last 50 years of the graph in Figure 7. The red curve is the
trendline of the HadCRUT4 monthly temperature anomalies. The green curve is the first
derivative of the trendline curve; that is, the slope of the trendline curve. The slope decreased
from 0.21 °C per decade in 1996 to 0.08 °C per decade in 2016, a reduction of 62 percent in 20
years. Since the rate of increase of the mean global trendline temperature has been declining
for 20 years and is likely to continue to decline for an unknown time in the future, the greatest
positive slope of the trendline for the next 15 years is likely to be no greater than the current
slope, 0.08 °C per decade. A linear projection of a slope of 0.08 °C per decade to 2031 predicts
a temperature anomaly in 2031 of 0.74 °C, an assumed maximum possible value for the
triangular probability function discussed above. A forward projection of the mean global
temperature trendline (Figure 6 polynomial equation) predicts a temperature anomaly of 0.55
°C and a rate of decrease of temperature of -0.18 °C per decade in 2031. Based on the curve
projections, the assumed minimum possible value for the triangular probability function in 2031
is 0.55 °C, since a rate of decrease in temperature is not likely to be greater than -0.18 °C per
decade. Such a high negative rate of change of temperature has not been observed since 1903,
and the observed periodicity of the temperature anomaly curve for over 100 years would
suggest the likelihood that the rate of decrease of the temperature anomaly would begin to
moderate before 2031 rather than continue to decease.

Applying the triangular distribution function analysis described above to the maximum and
minimum temperature predictions based on the forward extrapolation of curves (0.74 °C and
0.55°C), the best estimate of the temperature anomaly trendline value in 2031 is within the
range from 0.61 °C to 0.68 °C (small solid bracket in Figure 8). This narrow temperature
anomaly range, which is based on HadCRUT4 time series dataset projections, is probably more
credible than the wider temperature anomaly range from 0.40 °C to 0.65 °C (large hachured
bracket in Figure 8) that is based on only three representative climate model studies. The two
range estimates for 2031 have points in common from 0.61 °C to 0.65 °C. The present trendline
temperature for May, 2016 is 0.62 °C.

Summary of Global Mean Temperature Anomaly Estimates for 2031

All estimates of the mid-2031 temperature anomaly in this analysis are relative to the
HadCRUT4 time series dataset and the 1961-1990 mean temperature of the dataset. A
statistical analysis of a high, greenhouse gas-derived prediction of 0.91 °C and a low, solar
activity-derived prediction of 0.15 °C predicts that the temperature anomaly trendline will lie
between 0.40 °C and 0.65 °Cin 2031. A linear projection to 2031 of the present slope of the
temperature anomaly trendline of the HQadCRUT4 dataset predicts a maximum temperature
anomaly of 0.74 °Cin 2031. A non-linear (polynomial) projection of the temperature anomaly
trendline predicts a minimum temperature anomaly of 0.55 °C in 2031. A statistical analysis of
these data predicts that the temperature anomaly trendline will lie between 0.61 °C and 0.68 °C
in 2031. All together, these results indicate that, with a high degree of certainty, the



temperature anomaly trendline will lie between 0.40° C and 0.68°C in 2031, with the narrow
range of 0.61 °C to 0.68 °C probably the most credible. The climate of the next 15 years and
possibly for decades longer might prove to be described best by a Goldilocks’ Climate Doctrine;
that is, a climate that will be neither too hot nor too cold but just right.

Epilogue

John Casey (2014) and Dan Pangburn (November 25, 2013) in separate studies analyzed sun spot
time series trends to forecast a cooling period that has already begun and might last for
decades. Many similar studies have been carried out by others world-wide. The sensitivity of
changes in solar activity on future temperatures should be an essential component of Global
Circulation Models. Greenhouse gas modelers and solar scientists need to get together and
compare notes. Climate science is far from being settled.

THE TRUTH SHALL MAKE YOU FREE!
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