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HOMOGENIZATION OF THE GLOBAL TEMPERATURE
Victor Venema, University of Bonn
The comments in these notes are only intended to clarify the slides and should be
seen as informal, just like words spoken at the meeting. The exact formulations are in
the (to be published) articles.
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The global land temperature trend may be biased due to remaining inhomogeneities.
Well-homogenized national datasets on average clearly show more warming than
global collections (GHCN, CRUTEM, GISTEMP, etc.) when averaged over the region of
common coverage. We will present the temperature trend differences for several
dozen national temperature series.
This finding makes research into statistical homogenization more pressing. We have
estimates for the uncertainties due to remaining inhomogeneities from numerical
validation studies. We urgently need analytic work on the uncertainties in a certain
dataset or station that is based on the inhomogeneities found and the network
characteristics.
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Recent improvements in the quality of homogenization were largely due to the
introduction of multiple breakpoint methods that can work with inhomogeneous
reference series. These multiple breakpoint methods, however, do not have an
optimal method yet to determine the number of breaks whose position can be
accurately determined. The joint homogenization of all series simultaneously
promises an optimal solution of the problem that also the reference stations have
inhomogeneities. Also work on the selection of the best correction model (annual,
seasonal, monthly, daily of the only the means or also of the higher moments) is
needed.
The homogenization of daily data is even harder. Only inhomogeneities in the mean,
but not in the variability around the mean are used. Corrections in the variability are
applied deterministically, while many error sources are not perfectly predictable. The
correction of daily data should probably be treated similarly to downscaling.
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Three correlated stations over 120 years to illustrate how relative homogenization
works. More details on:
http://variable-variability.blogspot.de/2012/08/statistical-homogenisation-fordummies.html
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Station A has a break of 0.8°C in the middle in 1940. If you only had this signal it
would be hard to see if this is a climatic trend or a break.
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If you look at the difference series the break is much clearer. In this random example,
it is still hard to decide if the break is abrupt or a short term gradual inhomogeneity.
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Also gradual inhomogeneities in single series can be detected with relative
homogenization.
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Also multiple breakpoints can be detected with relative homogenization, which is
quite typical for climate applications.
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This is a short summary of the current state of a project comparing
nationally/regionally homogenized temperature series with what global datasets say
about the temperature increase in the same period.
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This figure shows the *difference* in the temperature signals of BEST and the
national series. Over longer periods we have less countries to compare with, but a
clearer signal to analyse. The national series, which we trust more, show more
warming than BEST.
1864: 7 countries
1926: 14 countries
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Over shorter periods, we do not see much difference. We are currently analysing
whether the quality of the datasets can explain the difference between the datasets
(and periods shown).
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Comparing all three global datasets that are mostly complete at the moment, we see
that BEST has the largest difference, then GISTEM and the CRUCY. GHCN was similar
to GISTEM and CRUCY similar to CRUTEM in previous analysis of a smaller number of
series.
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The previous slides suggest that homogenization is an important problem.
We now introduce 5 problems in homogenization that are interesting for statisticians.
The first problem is the multiple breakpoint problem.
Rather than thinking in one break and incase of more just splitting the series, if you
formulate the multiple breakpoint problem you make a decomposition of the
difference time series in a break signal and noise. Already thinking in terms of a break
signal (and its statistical properties) is very productive.
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For high SNR the “standard” break search (PRODIGE) works well and how a low mean
square error.
However, if the SNR is about 0.5, this segmentation is about as good as a random
segmentation.
This can be understood by noticing that the random segmentation also explains half
of the break variance.
A random segmentation thus explains more variance than it would in case of white
noise.
A random segmentation is thus “statistically significant”, which is right because the
signal contains breaks, but the positions are random relative to the real breaks. There
is also an interaction between the break and noise signals that makes the explained
variance even larger.
For details see this manuscript: https://www2.meteo.unibonn.de/venema/articles/2014/Lindau2014_Break_Detection_SNR.pdf
The SNR of the HOME benchmark dataset (Venema et al., 2012) was in average as
high as 1.18. Should have been around 2x smaller.
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Especially because detection breaks is difficult for low SNR it is desirable to have
methods to estimate the statistical properties of the break signal without have to
homogenize a series. This slide shows a method developed by Ralf Lindau to do so by
studying the relationship between the variance explained by the break signal in case
you insert random breaks. In case of noise, the explained variance grows slowly with
the number of random breaks inserted, in case of breaks it initially grows faster. How
fast is an indication of the number of breaks.
We are working on a method to estimate which fraction of the break variance is due
to a random walk and how much is because of noisy deviations from a baseline. See
next slide for the importance of this problem.
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Relative homogenization (using a reference series) is necessary in climatology,
however it does introduce the problem that breaks in the difference time series can
also be due to the reference. The statistically tractable way to solve this is to detect
breaks in multiple pairs of series simultaneously: joint detection.
An important problem in climatology is that we sometimes have breaks that happen
at the same time in all stations of a network. Nationally these breaks are known, but
in global datasets this information is often lost and we need to detect them
statistically. Joint detection should thus be performed on a large enough dataset so
that multiple networks are included.
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We have two main numerical estimates of the trend error remaining after
homogenization.
The estimate of HOME is certainly too small for Europe because the network-wide
trend error was very small and thus hard to remove.
The estimate of NOAA may be too large because the trend error was rather large.
Both estimates are optimistic for the rest of the world where the station density is
much lower and thus the SNR, which we have shown is very important. The
International Surface Temperature Initiative (ISTI) is working on a numerical validation
study that included the entire globe and thus samples all network densities. This will
provide a better numerical estimate of the global temperature trend error after
homogenization.
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This is a figure from the NOAA validation study. Probably the most realistic case. It
shows that the trend error in the raw data is reduced, but not fully removed.
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In this less realistic case (too many small breaks) only half of the trend error is
removed. That the breaks are more difficult could compensate for the lower network
density in the rest of the world.
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Figure illustrates a decomposition of three series.
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When you compute the corrections, the predictors are the break positions and the
predictand is the break signal.
If you do not have perfect predictors, you will explain less than 100% of the break
variance and thus also underestimate how much the trend would need to be
corrected.
Numerical studies show that when we know all breaks, the trend correction can be
noisy, but is not biased. When there are errors in the break positions, we
undercorrect the trend bias.
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This figure illustrates why correcting a network-wide bias is difficult when using a
composite reference.
The grey lines and the highlighted blue line have a break in the period 1920 to 1940.
This break introduces a network wide bias, but also has a station specific component.
This station specific component is removed, but the network-wide bias is harder to
remove because it is also in the reference. We thus need to remove all reference
stations from our composite reference that contain breaks or use other methods to
reduce the influence of breaks in the reference.

25

In the comparison study mentioned at the beginning half of the networks used a
pairwise method for correction. Of those that used a composite reference most did
not remove all stations with a break from their composite reference (some did apply
other methods that may reduce the bias, such as iterations).

26

The previous problems were about the homogenization of the mean of monthly or
annual means.
Homogenization of daily data is a lot more difficult, but also more important because
breaks in the tails are larger than the ones in the mean.
Breaks in the variability are furthermore paramount for trend in extremes. The more
extreme the extreme, the more important variance is.
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The sub-daily dataset HadISDH has a much stronger temperature bias than the one
seen in GHCNv3 when homogenized with the same method (PHA). Possibly because
the siting of these “high-tech” sub-daily siting has improved more.
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Figures from Parker (1998)
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This and the next slides show how large break in the tails can be.
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Böhm, R., P.D. Jones, J. Hiebl, D. Frank, M. Brunetti, M. Maugeri. The early
instrumental warm-bias: a solution for long central European temperature series
1760–2007. Climatic Change, 101, pp. 41–67, doi 10.1007/s10584-009-9649-4, 2010.
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Böhm, R., P.D. Jones, J. Hiebl, D. Frank, M. Brunetti, M. Maugeri. The early
instrumental warm-bias: a solution for long central European temperature series
1760–2007. Climatic Change, 101, pp. 41–67, doi 10.1007/s10584-009-9649-4, 2010.
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Both the mean and the variance are important for changes in extremes.
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Katz and Brown argue that if the mean and the variance change, there is always some
threshold above which the change in the variance is more important than the change
in the mean. (This could still be for extremes that have return periods beyond human
time scales.)
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Most used correction methods for daily data only correct for changes in the mean.
Popular is the method of Lucie Vincent that uses the monthly mean adjustments.
Current methods adjust the temperature as a function temperature (deterministic).
However, the error is a function of many other variables. If these are unknown, this
part should be added as noise (stochastically), rather than deterministically.
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In downscaling it is known that applying deterministic corrections rather than adding
noise leads to problems (variance inflation).
If you would like to change the variance (and not the mean) of a series that has a
trend, you also change the trend in the mean if you simply change the variance (by
subtracting the mean and multiplying with a constant); see figure. If you add the
variance as noise this does not happen.
In homogenization, the difference times series normally does not have a trend, but
there could be problems when correcting gradual inhomogeneities. These are
corrected well with multiple breaks in the mean when homogenizing the mean, but
in case we need to change the variance, we may see the variance inflation problem
here.
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Another problem is when there is a change in the cross-correlation between because
the noise source changed.
For example, first the noise is due to a radiation error and later due to a shorter
response time.
The radiation error will correlate with its neighbors, the faster response time will not.
This leads to a change in the variance in the difference time series that is not
indicative a change in the variance of the individual series.
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In this example of the above problem with a change in the cross correlations, the
variance which stayed the same before and after homogenization was change due to
homogenization with HOMAD because the variance of the difference time series had
changed. This likely happens for every deterministic correction method for the
distribution.
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Numerical validation study of homogenization of daily data by Rachel Killick (nee
Warren). She produced homogeneous data, added (stochastic) inhomogeneities that
depend on clouds and wind. The methods that attempted to improve the distribution
(PDF) made the variance of the data worse. They could still improve the trend in the
mean, like all the other methods.
8 different algorithms homogenised the datasets: 3 made constant mean
adjustments (Climatol-Daily, ACMANT and MAC-D), two others made variable mean
adjustments (Climatol-Monthly and MASH) and DAP, HOM and SPLIDHOM were the
only three that explicitly sought to homogenise the whole distribution and they were
largely the lowest performing algorithms. Three reasons for this could be: 1, They
only used one reference station, making it more likely that inhomogeneities were
allocated to the wrong station, 2, Their detection algorithm was not sensitive enough,
meaning that many inhomogeneities were left in the data and 3, They were tuned to
European data and, although the data created were designed to be generaliseable,
these specific data were made to mimic North America.
The two plots show the percentage of station biases improved (reduced), unchanged
and made worse (increased) out of number of total number of stations and the
percentage of station variabilities (assessed using standard deviations) improved,
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unchanged and made worse out of total number of stations for each algorithm.
As I say, I didn't have any plots to illustrate this before, so only thought of creating
these last week as they seemed the best way to get a reasonable amount of
information across without using too much space, let me know if it isn't fit for
purpose and I'll see what else I can come up with, I looked at density plots for
regions, but when you are aggregating over such a big group the differences aren't
really obvious.
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The last problem is for both monthly means and daily distributions, it is how to select
the right complexity for homogenization corrections.
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Concluding, we see a stronger trend in national datasets, which we expect to be
mostly better homogenized.
Note, this is just the land surface temperature and not the global (land+ocean)
temperature.
This suggests a cooling bias in the global mean temperature.
Our understanding of relative homogenization is that if there is a bias, we will
undercorrect it. Especially when the SNR is low, the breaks are poorly defined and the
correction methods can thus not improve the trends much. The situation for daily
data my be even worse.
Also many other changes in the climate system going faster than expected suggest
that we underestimated the temperature trend.
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Recap of the 5 main statistically interesting problems for during the Q&A.
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