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Abstract

Because of model biases, projections of future climate need to combine model
simulations of recent and future climate with information on observed climate.
Here, ten methods for projecting the distribution of daily mean temperatures are
compared, using six regional climate change simulations for Europe. Cross
validation between the models is used to assess the potential performance of the
methods in projecting future climate. Delta change and bias correction type
methods show similar cross-validation performance, with methods based on the
quantile mapping approach doing best in both groups due to their apparent ability
to reduce the errors in the projected time mean temperature change. However, as
no single method performs best under all circumstances, the optimal approach
might be to use several well-behaving methods in parallel. When applying the
various methods to real-world temperature projection for the late 21st century, the
largest intermethod differences are found in the tails of the temperature
distribution. Although the intermethod variation of the projections is generally
smaller than their intermodel variation, it is not negligible. Therefore, it should be
preferably included in uncertainty analysis of temperature projections, particularly

in applications where the extremes of the distribution are important.

KEYWORDS: climate change, climate projection, temperature, daily variability,
delta change, bias correction, cross validation, ENSEMBLES, Europe
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1. Introduction

Despite decades of development, global and regional climate models (GCMs and
RCMs) still show various kinds of biases in the simulation of the present-day
climate (Randall et al. 2007, Christensen et al. 2007, van der Lindell and Mitchell
2009). Therefore, model-simulated future climate as such rarely provides a
plausible projection of the actual future climate. To alleviate the impact of model
biases, construction of climate projections also needs to extract information from

the observed and simulated climates in the recent past.

As an example, three 30-year (930-day) time series of January daily mean
temperature in Jyvaskyld, central Finland, are shown in Fig. 1: the first from
station observations in 1971-2000, the second from an RCM simulation during the
same period, and the third from the same RCM in the end of this century (2069-
2098). During the years 1971-2000, the RCM simulation exhibits both a cold bias
and smaller than observed variability, and the distribution of the simulated
temperatures shows less negative skewness than that observed. Considering these
deficiencies, the simulation for 2069-2098 is unlikely to provide a good
description of the climate in this period, even if the simulated changes in mean

temperature and characteristics of variability turned out to be correct.

Two commonly used approaches to account for model biases are “delta change”
and “bias correction” (Fig. 2). In the former, the projection for the future is
obtained by perturbing an observed time series based on the difference between
the simulated future and baseline climates. In the latter, the projection is built on
the future simulation by the model, after correcting this based on the differences
between the simulated and observed climate during the baseline period.

If only long-term climatic means are needed, the problem is technically simple.

For example, a projection for the future mean temperature is easily derived as
p=0+(5-C)=5-(C-0) 1)

where the overline indicates temporal averaging and the four letters stand for

projection (p), baseline observations (0), scenario simulation for the future period
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of interest (s) and control simulation for the baseline period (c). In this case, the
delta change and the bias correction approaches (the first and the second form in
(1), respectively) give identical results. Note, however, that this result is neither
unique nor necessarily optimal. As shown in recent studies (Buser et al. 2009;
Boberg and Christensen 2012) and later in this paper, biases in simulated

variability may also have implications for projections of the time mean climate.

If characteristics of variability are essential, the situation is more problematic. A
constant delta change or constant bias correction would fail to account for either
the changes or biases in the amplitude, shape of distribution, and temporal
structure of the simulated variability. This can be improved by more sophisticated
projection methods, but not without a potential trade-off. The more precisely a
projection scheme attempts to correct for differences between simulated and
observed climate or to incorporate simulated climate change, the more likely it is
affected by features that are not statistically robust (e.g., random fluctuations in
the tails of the distribution). The potential advantages of more sophisticated
projection methods also need to be put in the context of the model- and scenario-
related uncertainty in future climate change (Meehl et al. 2007, Christensen et al.
2007).

A large array of methods for projecting future climate variability on daily scales
have been developed particularly for precipitation (see Maraun et al. 2010, for a
recent review) but also for temperature (e.g., Engen-Skaugen 2007, Piani et al.
2010, Amengual et al 2012). The question thus arises, which of these different
alternatives should be preferred? Although projection methods can be compared
for their ability to reproduce present-day climate statistics (e.g. ThemeRl et al.
2011, Dosiolo and Paruolo 2011), the crucial issue is their performance in future

climate.

Although future climate is unknown, some inferences on the potential
performance of different methods can be drawn from intermodel cross validation
(Fig. 3). If simulations for both the recent past and the future are available for N
models, any one of these can be left out for verification. In the same way as

projections for the real future climate would be made by combining observations
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with the baseline and future simulations from different climate models,
projections for the future climate in the verifying model can be derived by
replacing observations with the baseline climate in this model. Unlike in the real
world, this projection is verifiable against the actual future climate in the same
model. Repeating this over all choices of the verifying model, statistics can be
gathered that allow comparison between different methods of projection. Such a
technique has already been used in studies focusing on projection of time mean
climate (e.g. Réisédnen and Ylhdisi 2011, Bracegirdle and Stephenson 2012,
Maraun 2012), and it is also planned to serve as one of the main tools in the
recently started European Concerted Research Action ES1102 VALUE
(Validating and Integrating Downscaling Methods for Climate Change Research).

In the present study, which was in part inspired by VALUE, the focus is on the
projection of daily mean temperatures. Ten different projection methods, broadly
similar to those used in earlier studies, are applied to a subset of six RCM
simulations for Europe from the ENSEMBLES (ENSEMBLE-based Predictions
of Climate Changes and their Impacts) project (van der Linden and Mitchell
2009). Two main issues will be studied:

1. Which of the tested methods show the most promise for projection of future
climate in light of their cross-validation performance? Can a single best
method be identified, or would it be better to use several methods in parallel,
to take into account the uncertainty in this choice (cf. Ho et al. 2012)?

2. How large is the uncertainty associated with the choice of the projection
method compared with the variation of climate change between different

models?

The model data and observations used are described in Section 2, and the
projection methods are introduced in Section 3. The cross-validation results are
presented in Section 4, whereas Section 5 studies the sensitivity of the projected
future climate to the choice of the projection method. Finally, a synthesis of the

main conclusions is presented in Section 6.
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2. Data sets

Six RCM simulations from the ENSEMBLES project are used (Table 1), all using
a different RCM and different driving GCM but the same (SRES A1B) emissions
scenario. These data were retrieved from the ENSEMBLES Research Theme 3
web page (ensemblesrt3.dmi.dk/) in a regular 0.25° lon x 0.25° lat grid covering
Europe and northernmost Africa. However, to reduce the computations, only 211
land grid boxes with 2.5° x 2.5° spacing were used in cross validation (Fig. 4a).
Here we mainly use data for a 30-year baseline period (1971-2000) and a 30-year
period in the end of this century (2069-2098), but some results for an earlier

projection period (2001-2030) are also shown.

For testing real-world temperature projection, a total of 139 station time series
were selected from the blended European Climate Assessment & Data archive
available through the Royal Netherlands Meteorological Institute Climate
Explorer (climexp.knmi.nl/), one per each 2.5° lat x 2.5° lon box where a station
with near-complete time series (at least 99% of valid data in 1971-2000) was
available (Fig. 4b). For each station, simulated time series were chosen from that
one of the nearest nine 0.25° x 0.25° grid boxes which has the largest land
fraction, using for consistency the same land-sea mask (from SMHI-BCM) in all
cases. This procedure was adopted to avoid cases in which observations from a
coastal but nevertheless land-based station would be combined with simulated

time series from a sea-dominated grid box.

3. Projection methods

Ten different methods for constructing projections of future temperature
variability are studied (Table 2). The delta change (M1-M5) and bias correction
methods (M6-M10) are technically symmetric: the same computer subroutines
can be used for both by only switching the order of the three input time series
(observations and the baseline and future simulations) in the argument list.

Therefore, only the delta change methods are described in the following.

M1 simply adds the time mean temperature change between the baseline and

scenario simulations to each daily value in the observed time series. M2 also takes
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into account changes in the standard deviation, converting the values in the
observed time series (0;) to projected values (p;) as

S
p;=0+(5-C)+(0,-0)—> 2)
SC
where s; and s; are the simulated standard deviations during the scenario and
baseline periods. In M3, changes in the sample third-moment skewness are also

included, so that the skewness of the projected time series becomes

skew, = skew, + (skew, —skew,) (3)

where the subscripts p, 0, s and c refer to the projected, observed, control
simulation and scenario simulation time series, respectively. The condition (3)
could be fulfilled by several different modifications to the data. Here, we follow
the algorithm described by Ballester et al. (2010) in their electronic supplementary

material.

M4 and M5 use the quantile mapping approach. Cumulative probability
distributions of temperature are first estimated for both the control (F¢) and the

scenario simulations (F;), and each observed value o; is then converted to
P = F N (F.(0)) (4)

In implementing (4), two practical issues need to be solved. First, if the
conversion F.*(F,) is derived directly from an empirical quantile-quantile plot, it
tends to become noisy near the tails of the distribution (see the crosses in Fig. 5a).
To avoid this, some smoothing is needed. Second, if some of the observed values

fall out of the range in the control simulation, the quantile-quantile relationship

needs to be extrapolated beyond the simulated range.

M4 and M5 differ in how these practical issues are solved. In M4, the quantiles in

the model simulations are smoothed using a running average, replacing the

quantiles F.*(x), x € [0,1] with

- min(x+D,1) min(x+D,1)
)= [R'9dx/  [dx (5)

max(x-D,0) max(x—D,0)
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and similarly for F.*(x). Here we use D = 0.05, which was found to be close to

optimal in terms of the cross-validation statistics. This smoothed quantile-quantile
relationship is illustrated by the bold red line in Fig. 5a. A disadvantage of the

smoothing is that it narrows the range of the data; for example IEC*l (0) equals the
mean of the lowest 5% of the temperatures in the control simulation. We

extrapolate towards low and high values assuming that the difference Izs’l—

F_ " remains constant for x < 0 and x > 1 (dashed red lines in Fig. 5a).

In M5, simple linear regression is used to map F,“on F_*(blue line in Fig. 5a).

This coarse-grained implementation of quantile mapping is used to study whether
the more detailed treatment in M4 has additional value.

The projected scenario period (2069-2098) time series for the case introduced in
Fig. 1 are shown in the left part of Fig. 6 (also note the statistics included in the
figure panels). They illustrate the following key features:

1. In the delta change methods (M1-M5), the structure of the projection time
series follows the observations, in the bias correction methods (M6-M10)
the simulation for the scenario period.

2. The projected time mean temperature is the same for all of M1-M3 and
M6-M8, but not for the quantile mapping methods M4-M5 and M9-M10.
The causes of this difference will be discussed later in this section.

3. M2-M3 and M7-M8 all produce the same standard deviation of
temperatures.

4. M3 and M8 additionally yield the same skewness of the distribution.

5. The skewness produced by M1-M2 and M5 (-0.9) is the same as in the
observed time series in Fig. 1: none of these methods modifies the shape
of the temperature distribution aside from its mean and standard deviation.
Similarly, the projections based on M6-M7 and M10 have the same
skewness (-0.5) as the RCM simulation for 2069-2098 in Fig. 1.

6. The extremes of the temperature distribution are particularly sensitive to

the choice of the method. The maximum of the projected time series varies
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from 5.5°C to 11.6°C, the minimum from -36.8°C to -23.2°C. For M8, the
minimum is actually lower than that observed in 1971-2000 (-36.1°C).

As demonstrated by the quantile representation in the right part of Fig. 6, the
selection of the method is not the only uncertainty in the projection. The choice of
the RCM simulation also matters, although the size of the inter-RCM variation
depends on the projection method used. We will study the relative roles of inter-

method and inter-RCM uncertainty in more depth in Section 5.

M4-M5 give in this case a slightly lower mean temperature than the other delta
change methods, which retain the change in mean temperature exactly as
simulated by the model. This is explained by the cold bias in the simulation in
1971-2000 together with the decrease in variability occurring in 2069-2098 (Figs.
1 and 5a). Because the observed temperatures in 1971-2000 mostly fall in the
upper part of the simulated distribution, where the quantile-quantile comparison
indicates a smaller difference between 1971-2000 and 2069-2098, the mean
temperature change as weighted by the distribution of observations becomes
smaller than that directly simulated by the model. Conversely, M9-M10 indicate a
larger increase in the mean temperature than the other methods. This is due to the
underestimate in variability in the simulation for 1971-2000, which in bias
correction type quantile mapping implies that a larger correction should be added
to higher temperatures (Fig. 5b). As the simulated temperature distribution shifts
upward from 1971-2000 to 2069-2098, the average correction in the latter period
becomes larger than that in the former, thus amplifying the projected change in
time mean temperature. Although the details of these results are case specific, the
ability of quantile mapping to modify the time mean temperature change
represents a generic difference from the other six methods.

In Figs. 5-6, we used (for simplicity of interpretation) only January data when
estimating the changes (M1-M5) and biases (M6-M10) of the simulated January
temperature distribution. This is not necessarily optimal, because the resulting
relatively small sample size may introduce substantial noise. The noise can be
reduced by using a wider time window in the estimation of climate changes and

model biases, although potentially at the cost of some systematic error. In Section
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4 below, we test three choices of the window length: one, two and three months.
For the two-month window, for example, data from the second half of December
to the first half of February are used in addition to January data when estimating
the changes in January in M1-M5 and biases in M6-M10.

4. Cross validation

Should all of the ten methods be regarded as equally plausible, or are some of
them more likely to give useful temperature projections than others? Here, we
study this using cross validation between the six model simulations, as shown
schematically in Fig. 3. One deterministic and two probabilistic statistics are
computed, all based on a comparison between the quantiles of the projected and

verifying temperature distributions (T, (x) and T, (x), x=0...100%) in a given

proj

month and location. The mean square error is
MSE = A[(< T,y > —Toer)’] (6)

where < > denotes the ensemble mean of the five (Six minus verifying model)
individual projections and A indicates averaging over the whole distribution from
0 to 100%, the 12 months, the 211 land grid boxes (weighted with the cosine of
latitude), and the six choices of the verifying model. For calculating the

continuous ranked probability score

T

ver «©

CRPS = Al [F(T,) 0T, + [A—F(T,))°dT, ] @)
o Tyer
we first form, separately for each quantile of temperature, a probabilistic forecast
for Tyer from the discrete cumulative distribution F(Tyr;) Of the five Ty values
(cf. Raisédnen and Palmer 2001). Our third score, OutOfRange, records the
frequency of cases in which T is below the lowest or above the highest of the
five Ty values. Unlike MSE and CRPS, OutOfRange is not a proper validation
score in the sense that a lower value would always indicate a better forecast. By
inflating the forecast distribution sufficiently, one could ensure OutOfRange = 0,
while simultaneously making the forecast useless. A more useful interpretation is
as follows. If Tyer and the five Ty values are independent samples from the same
statistical population (as they ideally should), then the probability that Ty is the

lowest or highest of these six values is 1/3. If OutOfRange exceeds this value, this

9
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indicates that the forecast obtained from the five T, values is underdispersive,

thus underestimating the uncertainty in Tye. Conversely, OutOfRange < 1/3 would

indicate an overdispersive forecast.

A summary of the cross-validation statistics is given in Fig. 7. Focusing first on
the statistics for the projection period 2069-2098 (using 1971-2000 as the

baseline), we can note the following:

1. MSE and CRPS are relatively insensitive to the number of months used in

estimating the changes (M1-M5) or the model biases (M6-M10).
However, in nearly all cases, two-month aggregation of data performs
better than the use of a single month, although some exceptions are found
for individual verifying models particularly for the delta change methods
(not shown). Differences between two and three months are unsystematic

even when considering the six-model mean statistics shown in Fig. 7.

2. MSE and CRPS give a similar picture of the relative performance of the

3.

ten methods (although the differences in MSE are larger). The two
simplest methods, M1 (constant change over the whole distribution) and
M6 (constant bias correction for the whole distribution) perform less well
than the others. The inclusion of the standard deviation in M2 and M7
gives a clear improvement, but there is little additional change in the
statistics when also modifying the skewness (M3 and M8). Methods based
on quantile mapping perform best within both the delta change group
(M4-M5) and the bias correction group (M9-M10). M9 has both the
lowest MSE and CRPS of the ten methods, although the difference from
M10 is small.

OutOfRange is very close to the “desired” value of 1/3 (33.3%) for all of
the bias correction methods. By contrast, the delta change methods tend to
provide underdispersive projections, so that the verification falls more
often out of the range of the five projections than it ideally should. This is
understandable. Because the delta change projections from the five
forecast models all modify the same underlying time series (the 1971-

2000 time series in the verifying model), their differences do not fully

10
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cover the effects of internal variability. This underdispersion becomes

more pronounced for longer time windows in estimating the change.

The bottom row of Fig. 7 shows the corresponding verification statistics for the
period 2001-2030, when climate changes from 1971-2000 are much smaller than
in 2069-2098. The absolute intermodel differences in change are also smaller,
making both MSE and CRPS lower during this period. Unlike in 2069-2098, M1
shows in 2001-2030 nearly identical performance with the other delta change
methods. At this time, changes in the width and shape of the temperature
distribution still have a very low signal-to-noise ratio. Their inclusion in the
projection has, therefore, little impact on the cross-validation performance. Most
of the bias correction methods are also close in performance to the delta change
methods at this time, M9 being again the best in the whole group. However, M6
with its unrealistic assumption that model biases are constant throughout the

distribution performs substantially worse than the other methods.

The MSE calculated for the whole temperature distribution can be written as the
sum of two components: one arising from the error in the time mean temperature,
and the other from errors in the differences between the individual quantiles and
the mean value. The latter component (denoted as debiased MSE in Fig. 7) is
typically much smaller than the former, particularly in 2069-2098. Therefore,
most of the MSE and some of the intermethod differences in MSE actually reflect
errors in the projected time mean temperature, rather than those in the width and
shape of the distribution. In particular, the best performance of the quantile
mapping methods (especially M9 and M10) in 2069-2098 results from the best
projections of the time mean temperature. On the other hand, relatively large
errors in the shape and the width of the distribution do distinguish the worst
methods (M1 and M6 in 2069-2098 and M6 in 2001-2030) from the others.

In constructing Fig. 7, the same weight was given to all parts of the temperature
distribution. Yet, for some applications the projection accuracy near the upper
and/or lower tails of the distribution might be unproportionally important. To
illustrate how the relative performance of the methods varies across the

distribution, their MSE ranks in 2069-2098 are shown in Fig. 8 separately for all

11
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percentiles of temperature (similar analysis for CRPS gives very similar results).
For this and all the later figures in this paper, the two-month time window is used.

For most of the distribution, the ranking of the methods is broadly consistent with
Fig. 7. As an exception, the simple constant bias correction M6 actually has the
lowest MSE at 16-34%, although it performs very poorly in the upper part of the
distribution. Otherwise, M9 and M10 with the lowest overall MSEs dominate the
top rank from the extreme lower tail up to 98%. However, in the extreme high
end, the performance of M9 and particularly M10 deteriorates. Thus, these
projection methods might not be optimal for applications that are particularly
sensitive to extremely high temperatures. Considering how M9 and M10 function,
this deterioration is not surprising. Both methods attempt to estimate the
temperature dependence of model bias from comparison between the observed
and simulated distributions during the baseline period (Fig. 5b). However, the
highest temperatures simulated in the late 21st century by far exceed those in the
baseline period. This results in substantial extrapolation uncertainty in the bias
correction, which probably explains the deteriorating performance of M9 and
M10 in the upper end of the distribution.

The intermethod variation of cross-validation statistics also depends on the
location, month of the year, and the verifying model. We do not discuss the details
of this variation here, but emphasize the general implication: a method that is best
in an average sense will not be the best in all individual cases. This indicates that
the choice between different projection methods represents a genuine uncertainty

that cannot be fully eliminated by selecting a single best method.

Given the uncertainty in the projection methods, might it not be better to use
several methods simultaneously instead of just one? To test this suggestion, four
combinations of methods were chosen. B2, B4 and B8 include the best two (M9
and M10), four (M4-M5 and M9-M10) and eight methods (M2-M5 and M7-M10)
in terms of the overall MSE and CRPS statistics for 2069-2098, while A10
includes all ten methods. In each case, the same weight was given to all of the
methods included. Thus, for example, the best estimate projection from B8

becomes the mean of the multi-model means from all methods exluding M1 and

12
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M6, while the corresponding probabilistic projection is formed by averaging the

cumulative distribution functions from the same eight methods.

Figure 9 compares the cross-validation performance of these method
combinations in 2069-2098 with that for the best four individual methods. When
the number of methods combined increases, the range of projections included in
the combination widens. Consequently, OutOfRange is already smaller for B2
than for the individual methods, and it decreases further when more methods are
added (Fig. 9c). Still, as averaged over the whole temperature distribution, 15% of
verification cases falling outside the predicted range remain even for A10.

As disussed above, decreases in OutOfRange do not necessarily imply a better
projection. Indeed, MSE and CRPS (Figs. 9a,b) tell a partly different story. While
CRPS averaged over the whole distribution is lower for all the four tested
combinations than any individual method, it is at minimum for B4 that only
includes the best four methods. Similarly, the B4 combination also has the lowest
MSE. Its superiority over the other tested methods and combinations applies to
most parts of the distribution (Figs. 9d,e). In particular, the probabilistic CPRS
measure identifies B4 as the best approach with the only exception of the absolute
extremes (0 and 100%). In the period 2001-2030 as well, CRPS and MSE
averaged over the whole distribution are the lowest for B4 (not shown).

These findings suggest that temperature projections might be best derived by
combining the information from the two delta change (M4-M5) and the two bias
correction type quantile mapping methods (M9-M10). However, future research
should test whether this conclusion remains valid for other model ensembles and
other parts of the world.

5. Projections for the future

Here, we apply our methdology to real-world temperature projection for the set of
139 stations shown in Fig. 4b. Although the methodology provides projections for
temperature in absolute units (cf. Fig. 6), we mostly show the results here as

changes from the observed baseline distribution in 1971-2000.
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5.1 Intermethod differences in projections
Intermethod differences in the projections are studied in Figs. 10 and 11. The first

three rows of Fig. 10 summarize the projected six-RCM mean changes in the 1st,
10th, 50th, 90th and 99th percentiles of temperature, averaging the month- and
station-specific values over the standard three-month seasons and over northern
(48 stations north of 57.5°N), central (44 stations at 47.5°N-57.5°N) and southern
Europe (47 stations south of 47.5°N). M1, which applies the same delta change in
all parts of the distribution, provides a reference against which to compare the
projections from the other methods. In line with earlier GCM and RCM studies
(Réisénen et al. 2004, Kharin et al. 2007, Kjellstrom et al. 2007, Nikulin et al.
2011), the ENSEMBLES RCMs simulate seasonally varying changes in
variability that are reflected in all of M2-M10. In winter and to some extent in
autumn and spring, the simulated variability decreases particularly in northern
Europe, resulting in larger changes in the lower than the upper end of the
distribution. In summer, the reverse happens in central and southern Europe, with

larger increases in the highest than in the lowest temperatures.

Differences also occur between the projections from M2-M10. For example, the
contrast between the changes in the lowest and highest winter temperatures in
northern Europe is less pronounced for M4 than the rest of M2-M10. This is at
least partly due to the running averaging of the quantile-quantile relationship in
M4, which contracts the range over which changes in variability can be taken into
account (Fig. 5a). More strikingly, the apparent increase in the highest (lowest)
summer temperatures in central and southern Europe is larger (smaller) for M6
than for the other methods. This is an artifact caused by the tendency of many of
the models to overestimate present-day temperature variability in summer, a bias

not corrected in M6.

The differences between the methods are smaller in the middle of the distribution
than in the tails. However, M9 and M10 indicate a markedly smaller increase in
median (50%) temperatures in central and southern Europe in summer than any
other method. In southern Europe, M10 actually projects less warming than the
other methods (excluding M6 near the lower tail) throughout the distribution. The
explanation is analogous to the case shown in Figs. 5b and 6, but with the sign of

the difference reversed. Because the simulated variability in southern and central
14



470
471
472
473
474
475
476
477
478
479
480
481
482
483
484
485
486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503

Europe in summer is too large, that is, the temperature bias increases with
increasing temperature, a more negative bias correction is applied in M9 and M10
to the higher temperatures simulated in the future. This reduces the projected
warming, just as recently shown for a similar bias correction method by Boberg
and Christensen (2012). The results in Fig. 7 suggest that this feature may very
well be an improvement: it was precisely the ability of M9 and M10 to modify the
time mean temperature change that reduced the MSEs of these methods (and to

some extent M4 and M5) in cross validation.

Another question of interest is how the choice of the method affects the
intermodel variation of the projections (bottom row of Fig. 10). For M1, the
intermodel standard deviation as calculated over all 139 stations is relatively small
(1.1-1.2°C depending on season), being the same for all parts of the distribution.
For the other methods, the standard deviation near the tails of the distribution is in
most cases larger, particularly in the lower tail in winter and in the upper tail in
summer. The intermodel variation tends to be the largest for M6, being amplified
by uncorrected biases in variability. The standard deviation is in most cases
smaller for the delta change than for the bias correction methods, because the
former do not fully represent the uncertainty associated with internal variability
(see the discussion of OutOfRange in Section 4). Note, however, the typically
smaller standard deviations for M9-M10 than for the other bias correction
methods.

To further compare the ten methods, pairwise intermethod root-mean-square (rms)
differences in the six-RCM mean temperature projections are shown in Fig. 11
(see the caption for further details). Method pairs 2-3, 4-5, 7-8, and 9-10 all stand
out as closely related, with very small differences in most of the distribution. In
particular, the differences between M2 and M3 and between M7 and M8 are
largely negligible, except for the extreme tails where changes and bias corrections
of skewness have more substantial effects. Furthermore, while the M9-M10
differences are small in the lower and central parts of the distribution, they grow
relatively large in the upper tail, reflecting the difficulty in the extrapolation of the
bias correction beyond the range in the baseline period. As a whole, M6 and M1

are the methods furthest away from the others, but the tendency of M9 and M10 to
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differ relatively strongly from the other methods in the middle of the distribution
also stands out.

5.2 Analysis of variance
In addition to the choice among the various projection methods, the projections

also depend on the model simulation used. To assess the relative importance of
these sources of uncertainty, fixed-effect analysis of variance was applied. The
variance within each data set, consisting of all model- and method-specific
projections for a given quantile of the temperature distribution at a given station

and month, was decomposed as

Vtot = Vmod + V + Vint (8)

met

where Vinoqg IS the contribution of model differences (variation of multi-method
mean projections across models), Vye: that of method differences (variation of
multi-model mean projections across methods), and Vi, that of model-method
interaction (method-dependence of intermodel differences, or equivalently model-
dependence of intermethod differences). The computation of these terms is
analogous to Egs. (1)-(4) of Déqué et al. (2012). We stress that this decomposition
does not aim to estimate the variances that would be observed within an infinite
population of independent models and methods, but is rather used to diagnose the
sources of variability within our specific set of (possibly non-independent) models
and (certaintly non-independent) methods. Furthermore, model simulations of
climate always include unforced natural variability (R&isanen 2001, Yip et al.
2011). Some fraction of Vg reflects this unforced variability rather than genuine
intermodel differences in response to forcing, and to a lesser extent the unforced

variability may also affect the other variance components.

As an illustration, the model- and method-dependence of projections for the 1st
and 50th percentiles of January daily temperature in Jyvaskyld, Finland in 2069-
2098 is shown in Fig. 12. The projections for the 1st percentile vary widely
between the models, but even more so between the methods. With all six models
and all ten methods included, Vit = 11.35 (°C)? of which 77% is attributed to
method differences and only 6% to model differences, model-method interaction
taking the remaining 17%. In particular, M1 gives systematically lower

projections than the other methods, whereas the highest projections are generally

16



537
538
539
540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563

564

565
566
567
568
569

obtained from M6. However, both of these methods are suspect due to their poor
performance in cross validation. Indeed, the results in Fig. 9 suggest that it might
be preferable to only retain the methods 4, 5, 9 and 10 included in the B4
combination. Doing this reduces the total variance by about 40%, but does not

affect the relative shares of the different components in this particular case.

The projections for the 50th percentile are much less method-dependent (Fig.
12b). Almost 70% of the variance is attributed to model differences when all ten
methods are included, and this increases to 88% when only the best four methods
are retained. Conversely, the contribution of method differences is reduced from

15% in the fomer case to nearly zero in the latter.

Averaging over the 139 stations and 12 months confirms that intermodel
differences strongly dominate the variance in the central parts of the temperature
distribution (Fig. 13). Intermethod differences and model-method interaction both
grow more important towards the tails of the distribution but do not become as
dominant as in the case shown in Fig. 12a, especially not when only the best four
methods are included. Averaging the variances over the whole distribution, Vmeg,
Vint and Vet cOntribute 73%, 13% and 14% in the 10-method case and 76%, 12%
and 13% in the 4-method case, respectively. Therefore, the uncertainty associated
with the choice of the projection method may be a secondary issue for many
applications, although it clearly should not be neglected when and where the tails
of the temperature distribution are particularly important. A similar conclusion —
that uncertainty in bias correction is generally smaller than climate modeling
uncertainty — was obtained by Chen et al. (2011), although their hydrological
study addressed the bias correction uncertainty due to the choice of the baseline
period rather than due to the choice of the method.

6. Conclusions

Projection of future climate cannot be generally based on model simulations alone
but also requires information on the observed climate. This projection problem is
often considered simple when only long-term climatic means are required, but it
becomes more complicated when temporal variability is important. Here, we have

focused on what is probably one of the easiest aspects of daily-scale variability for
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both climate models and in terms of its statistical properties, distributions of daily
mean temperature in a changing climate. We first studied the relative strengths
and weaknesses of ten projection methods using cross validation among six RCM
simulations for Europe, all made with different RCMs and different driving

GCMs. The main findings from these tests include the following:

1. Delta change and bias correction type methods showed similar overall
performance in cross validation of late 21% century (2069-2098) temperature
distributions. Within both groups, quantile mapping approaches performed
best, due to their smallest errors in the projected time mean temperature. The
simplest approaches assuming constant change or constant bias throughout the
distribution were the worst, having larger errors in the distribution of
temperature around the mean value than the other methods. In projections for
early 21% century (2001-2030), the intermethod differences in verification
statistics were smaller, except for the poor performance of the constant-bias
bias correction method.

2. The performance of different projection methods may vary across the
temperature distribution. In particular, quantile mapping type bias correction
methods were found to be less reliable in the extreme upper tail than in the
other parts of the distribution.

3. No single method performs best under all circumstances. Thus, to some
extent, the choice of the projection method represents an uncertainty
analogous to the choice of the climate model used for the projection. A natural
way to take this uncertainty into account is to consider a few different but
well-performing projection methods instead of just one. In our cross-
validation exercise, the combination of the two delta change and two bias
correction quantile mapping methods generally outperformed each individual

method.

Second, we assessed the sensitivity of the resulting 21% century temperature
projections to the choice of the method, to find that

1. The choice of the projection method has typically a larger impact in the tails

of the temperature distribution than in the central parts. However, the latter
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may also be affected. In particular, our quantile mapping type bias correction
methods suggest a smaller warming in southern and central Europe in summer
than would be inferred directly from the model simulations. This supports the
recent findings of Boberg and Christensen (2012), in particular as these
methods performed well in cross validation.

2. The uncertainty associated with the choice of the model simulation generally
exceeds that due to the choice of the projection method. However, the relative
importance of the method uncertainty increases towards the tails of the
distribution, indicating that this uncertainty should also be considered at least

in applications where extremely low or high temperatures are important.

Our study is based on only six RCM simulations and it only covers the European
area. Its conclusions, particularly regarding the relative performance of different
projection methods, should therefore be verified with other data sets. New
opportunities for this will be provided by the CORDEX initiative (A COordinated
Regional climate Downscaling EXperiment, cordex.dmi.dk/), and to some extent
also by the GCM simulations conducted in the fifth phase of the Coupled Model
Intercomparison Project (Taylor et al. 2011).

We also stress that the methods studied here were only designed for, and tested
for their fidelity in, changing or correcting the local frequency distribution of
daily mean temperatures. Issues that we have not addressed include the temporal
(Haerter et al. 2011) and spatial autocorrelation structure (Huth 2002), as well as
the correlation of temperature with other variables such as precipitation (Engen-
Skaugen 2007).
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744

745 Tables

746  Table 1 The RCM simulations used in this study

Driving GCM RCM Institution Shorthand
ARPEGE ALADIN CNRM CNRM-A
HadCM3QO0 CLM ETHZ ETHZ-HO
HadCM3Q3 HadRM3Q3  Met Office METO-H3
HadCM3Q16 HadRM3Q16 Met Office METO-H16
ECHAMS5-r3  REMO MPI MPI-E5
BCM RCA3 SMHI SMHI-BCM

747  The first column indicates the driving global climate model, the second the regional
748  climate model and the third the institution that conducted the simulations, using model
749  and institution acronyms that follow the ENSEMBLES Research Theme 3 web page
750  (http://ensemblesrt3.dmi.dk/). The last column gives the shorthand notations used in this
751  article
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Table 2. The projection methods used in this study

M1 Delta change: mean

M2  Delta change: mean + standard deviation

M3  Delta change: mean + standard deviation + skewness

M4  Delta change: quantile mapping using smoothing

M5  Delta change: quantile mapping using linear regression
M6  Bias correction: mean

M7  Bias correction: mean + standard deviation

M8  Bias correction: mean + standard deviation + skewness
M9  Bias correction: quantile mapping using smoothing

M10 Bias correction: quantile mapping using linear regression
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Time series of daily mean temperature (°C)
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Fig. 1 30-year time series of January daily mean temperature in Jyvaskyla, Finland
(62.4°N, 25.7°E), as observed in 1971-2000 (top), in the ETHZ-HO (see Table 1) RCM
simulation during the same period (middle), and in the same RCM simulation in 2069-
2098 (bottom)
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Fig. 3 Principle of cross validation, as used in this study
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Fig. 4 Locations of (a) the 211 grid boxes used in cross validation in Section 4, and (b)

the 139 weather stations used in real-world temperature projection in Section 5. The
latitudes 47.5°N and 57.5°N used for the division in Fig. 10 are also indicated in (b)
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Fig. 5 An illustration of quantile mapping methods for the case depicted in Figs. 1 and 6.
In (a), the crosses show the quantile-quantile plot obtained directly from the simulations
for 1971-2000 and 2069-2098, the red line gives the smoothed curve used in M4 and its
extrapolation, and the blue line depicts the linear regression used in M5. Using M4, an
observed temperature of -10.0°C would be converted to -4.2°C in the projection for 2069-
2098. (b) is the same for the comparison of the simulation and observations in 1971-
2000, as used in M9 and M10. In M9, a temperature of -10.0°C in the scenario period
simulation would be converted to -5.9°C in the projection

27



790
791

792
793
794
795
796
797
798
799

800

Time series of daily mean temperature (°C) Quantiles (°C)

10 10
0 o
— -0 -10 SPCEL i
=z -20 T ----o8s
Mean=-3.1 Min=-30.8 Max=9.9 g —— PROJ (ETHZ-HD)
-3 0BS PROJ (ETHZ—HD) StDev=7.8 _ Skew=-0.9 -3 PROJ (other models)
2069 2073 2077 2081 2085 2089 2093 2097 0 20 40 60 80 100%
10 10
0 0
AN _yg -10 -
22 . -0y, ----o8s
30 Mean=-3.1 Min=-25.6 Max=7.5 30 o —— PROJ (ETHZ-HD)
- 0BS —— PROJ (ETHZ-HO) StDev=6.4 Skew=-0.9 - PROJ (other models)
2069 2073 2077 2081 2085 2089 2093 2097 0 20 40 60 80 100%
10 10
0 0]
0 -1 -10 GOTE
= -20 LT
Mean=-3.1 Min=-27.5 Max=5.9 , —— PROJ (ETHZ-H0)
-30 0BS —— PROJ (ETHZ—HD) StDev=6.4 Skew=-1.2 -30 PROJ (other models)
2069 2073 2077 2081 2085 2089 2093 2097 0 20 40 60 80 100%
10 10
0 LT
LT -10 GEPCTIa
D : -20 T ----o8s
30 Mean=-3.7 Min=-28.8 Max=8.1 30 o —— PROJ (ETHZ-HO)
- 0BS PROJ (ETHZ-HO) StDev=6.6 Skew=—1.1 - PROJ (other models)
2069 2073 2077 2081 2085 2089 2093 2097 0 20 40 60 80 100%
10
0
0 0
= » )
Mean=-3.6 Min=-25.9 Max=7.0 4 —— PROJ (ETHZ-H0)
-30 0BS —— PROJ (ETHZ—HO) StDev=6.4 Skew=-_0.9 -30 PROJ (other models)
2069 2073 2077 2081 2085 2089 2093 2097 0 20 40 60 80 100%
10
0
g -10
—20 -20{,---" ----o8s
SCEN (ETHZ-HO) Mean=-3.1" Min=-23.2 Max=8.5 i —— PROJ (ETHZ-HO)
=301——PROJ (ETHZ-HO) StDev=5.3  Skew=-0.5 -3 PROJ (other models)
2069 2073 2077 2081 2085 2089 2093 2097 0 20 40 60 80 100%
10
0
™~ -0
2 »
SCEN (ETHZ-HD) Mean=-3.11 Min=-27.4 Max=10.9 i —— PROJ (ETHZ-HO)
-30 PROJ (ETHZ-HO) StDev=6.4 Skew=-0.5 -3 PROJ (other models)
2069 2073 2077 2081 2085 2089 2093 2097 0 20 40 60 80 100%
10 10
0 ol
DEO -10 -10 SPCEL
-20 -20 ---- 085S
SCEN (ETHZ-HO) Mean=-3.1| Min=—-36.8 Max=5.5 i —— PROJ (ETHZ-HD)
-3 PROJ (ETHZ-HO) StDev=6.4 | Skew=—1.2 -3 PROJ (other models)
2069 2073 2077 2081 2085 2089 2093 2097 0O 20 40 60 80 100%
10 10
0 0
%’ -10 -10 —
-20 -207 -7 ----o8s
SCEN (ETHZ-HO) Mean=-2.6 | Min=-29.2 Max=8.1 i —— PROJ (ETHZ-HO)
=301—— PROJ (ETHZ-HO) StDev=5.0  Skew=—1.1 -3 PROJ (other models)
2069 2073 2077 2081 2085 2089 2093 2097 0 20 40 60 80 100%
10
0
(@]
— -10
= -2

SCEN (ETHZ-HD) Mean=-2,1!Min=-25.9 Max=11.6 " —— PROU (ETHZ-HO)
PROJ (ETHZ-HO) StDev=6.3 Skew=-0.5 -3 PROJ (other models)

2069 2073 2077 2081 2085 2089 2093 2097 0 20 40 60 80 100%

Fig. 6 (left) Projected 30-year (2069-2098) time series of January daily mean

-30

temperature in Jyvaskyla, Finland, using data from the ETHZ-HO simulation, in methods
M1-M10 (black lines). The grey lines in the top five (bottom five) panels show
observations for 1971-2000 (the ETHZ-HO scenario simulation for 2069-2098). The
numeric values in each panel give the mean, minimum and maximum, standard deviation
and the skewness of the distribution within the projected time series. (right) Quantiles of
the observed distribution in 1971-2000 (dashed, same in all panels), and of the projected
distributions obtained using data from ETHZ-HO (black solid line) and the other five
RCMs (grey lines)
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Fig. 7 Cross-validated MSE, CRPS and OutOfRange for temperature distributions in the
years 2069-2098 (top) and 2001-2030 (bottom). The MSE that would have been reached
if always predicting the correct 30-year monthly mean temperature is also shown (dark
part of the bars in the left column). The bars give statistics based on two-month sampling
of climate changes (M1-M5) and biases (M6-M10); the plus signs (+) and crosses (<)
show the corresponding values for 1-month and 3-month sampling
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Fig. 9 Cross-validation statistics for temperature in the years 2069-2098. The top row
shows MSE, CRPS and OutOfRange separately for four individual methods (M4, M5, M9
and M10) and for the combinations B2, B4, B8 and A10 defined in the text. The last two
panels indicate the ranking (1 = best, 8 = worst) of the MSE and CRPS values within this
sample of methods in different parts of the temperature distribution
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Fig. 10 Summary of temperature projections for the years 2069-2098. The first three
rows show the six-model mean changes in five quantiles of the temperature distribution
(1% to 99%), as averaged over northern, central and southern Europe (48 stations north
of 57.5°N, 44 stations at 47.5°N-57.5°N and 47 stations south of 47.5°N, respectively).
The quantiles were first calculated for each month and then averaged over the three-
month seasons identified in the figure headers. The numeric values indicate the absolute
difference from the observed value in 1971-2000 (unit: 0.1°C), and the shading gives the
difference from the value for M1. The numeric values in the last row show the intermodel
standard deviation of the projections (unit: 0.1°C), as calculated from the variance
averaged over all 139 stations and the three months in each season. The shading
indicates the ratio to the standard deviation for M1
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Fig. 11 Intermethod rms differences of six-model mean temperature projections for the
years 2069-2098, using data for all 12 months and the 139 stations. In each cell, the
thick solid line shows the rms difference between the two methods compared (scale from
0 to 2°C) for quantiles ranging from 0 to 100% (left to right), while the dashed line gives
the rms difference averaged over all method pairs. The cells are coloured according to

the rms difference calculated for the whole distribution (violet: lowest 20% of cases ...
red: highest 20% of cases), which is plotted in each cell in units of 0.01°C
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Fig. 12 Projections for (a) the 1st and (b) the 50th percentile of daily mean temperature
in January in Jyvaskyld, Finland in 2069-2098, based on the different methods and RCM
simulations. The dashed lines show the observed values in 1971-2000, and the dotted line
the six-model means averaged over the methods 4, 5, 9 and 10 The total variance in (°C)?
and the relative contributions of model differences, model-method interaction and method
differences are also shown, both when including all 10 methods (first numbers) and when
only including methods 4, 5, 9 and 10 (numbers in parentheses)
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Fig. 13 The relative contributions of model differences, model-method interaction and
method differences to the variance of the projected temperatures in 2069-2098 as a
function of the percentile of the distribution. The variances are averaged over the 12
months and the 139 stations. In (a), all 10 methods are included in the analysis, in (b)
only methods 4, 5, 9 and 10

34



