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ABSTRACT
Large-scale climate models are validated by comparing the model’s mean and variability to
observations. New applications are placing more demands on such models, which can be addressed by

examining the models’ distributions of daily quantities such as temperature and precipitation.

What determines the climate where you live? Why does it vary, so that some years have unusually
cold winters, or particularly hot summers? What will next winter be like? What will the climate be in
coming years, and is it affected by emissions of gasses such as CO,?

These are just a few of the questions that are examined with coupled ocean-atmosphere general
circulation models (O-A GCMs). Such models are complicated, incorporating the equations of motion for
air and water masses, the properties of sea ice, parameterizations for cloud processes, schemes for river
flow, and the effects of soil moisture and ground cover. The projections given by such models might
influence decisions ranging from whether someone’s aging roof should be repaired before the coming winter
to what future technologies the automobile industry should pursue. How are such models validated, so that
we understand what confidence should be placed in their predictions?

This is typically done by comparing the model’s behavior to that of the real world. The assumption
(usually implicit) is that if the two behave similarly over some validation time period, then the model is
likely to give skillful predictions of the future. This assumption is examined below, but the main focus here
is how to compare models to the real world. The enormous range of space and time scales over which the
atmosphere and oceans can vary makes this a surprisingly difficult question. Simply describing all this

variability is a complicated task, much less comparing it to the limited set of observations that exist.



The meaning of means

Model validations generally begin by comparing the model’s monthly or seasonal mean fields to the
observations. This kind of validation goes back to the earliest days of numerical ocean and atmosphere
modeling; for example, it is used to good effect in the large body of work by S. Manabe' and the innovative
ocean modeling of K. Bryan”. In practice, there is no objective standard for “how close” a model’s mean
monthly fields should be to observations before the model is used. Often modelers find that altering a
parameterization (of cloud processes, for example) in order to improve agreement between the model and
observations at one location, or at a particular time of the year, will decrease the agreement elsewhere or at
other times. Different models have different strengths and weaknesses, so there is usually not one obviously
“best” model to be used for all tasks.

A few techniques are used to address the problem of optimizing the model performance when
changes can have both good and bad effects. First, climate modelers from many institutions came together
to support the Atmospheric Model Intercomparison Project’ (AMIP), which systematically compared
atmospheric model fields from a large number of different models. The ability to see how different model
configurations affected the simulations (and the incentives provided by having a well-performing model in
an open competition!) led to improvements in many models, advancing the whole field. Second, the results
from different models can be averaged together into a “multi-model ensemble.” The idea is that any one
model’s bad aspects will be minimized by incorporating data from other models that do a better job in that
area. There is some evidence that this can improve the quality of forecasts”.

Much of the mean state of our climate is a determined by a strong radiative balance. The sun shines
on the earth (incoming shortwave radiation), the warm atmosphere emits longwave radiation both
downwards towards the surface and out into space, and the surface’s temperature increases until it re-emits
as much heat as it receives. It is relatively small departures from this mean balance that lead to the

interesting climate variability we are generally concerned with.



Climate variability

Behavior that depends on small perturbations to large, competing effects can be difficult to capture
in a model, but are often the behaviors of interest in the climate system. For example, Fig. 1 shows an O-A
GCM’s estimated evolution of the surface heat flux components driven by increases in atmospheric CO,
over the past 120 years. The top panel shows the actual values (globally and annually averaged), while the
bottom panel shows the departure from conditions averaged between 1880 and 1930. The terms are on the
order of 300 W/m®. The changes in the upward and downward longwave radiation terms are on the order of
5 W/m?, and these nearly compensate to give a net change in surface heat flux of only 1 W/m®.

One way to probe how well a model captures small departures from the large mean state is to
compare the model’s variability to observations. Since natural variability in the climate is affected by how
competing effects conspire to produce the mean, comparing a model’s variability to that observed is a more
sengsitive test of model quality than just comparing the means.

For example, Fig. 2 shows a simple model of the climate whose surface temperature is determined
by the balance between incoming radiation (sunlight plus thermal radiation from the atmosphere) and
outgoing thermal radiation from the surface. Clouds have competing effects on the climate that are not
completely understood, and so are parameterized in models. The blue lines in Fig. 2 show two hypothetical
models with different cloud parameterizations. In model M-LW, the downwards thermal radiation clouds
emit dominates as surface temperatures increase; in model M-R, the way clouds reflect sunlight dominates’.
Both models have the correct surface temperature, T; (the intersection of the curves in the left panel of Fig.
2). Then imagine dust from a volcanic eruption decreases incoming sunlight. As shown in the right panel of
Fig 2, this perturbation leads to different new surface temperatures for the two models, despite the fact that
they started with the same mean and experienced the same perturbation.

It is generally assumed that a model with an accurate mean climate and realistic climate variability

will make better predictions, but this presupposes that future perturbations will be the same kind as exist in



natural variability. For example, in Fig. 2 again, imagine that with better understanding models M-LW and
M-R are improved until they converge to the same line. With the same mean and natural variability, they
would be considered equally validated by this method. If a new pollutant with effects unlike that involved in
natural variability is added to the atmosphere, it is entirely possible that the two models will still give
different predictions. (CO, exists and fluctuates naturally in the atmosphere, and so probably does not
qualify as a “new” pollutant whose effects cannot be validated this way, but some human-generated aerosols
from industry and burning might®).

The climate modeling community recognized the importance and difficulty of the validation
question in the 1980s, as the field moved from more theoretical and abstract representations of the Earth to
more detailed ones and applied questions. One result of this was the establishment, in 1989, of the Program

for Climate Model Diagnosis and Intercomparison (PCMDI; http://www-pcmdi.llnl.gov), which brings

analysis tools together with observed and model data. An interesting example of the analysis techniques
PCMDI has produced is the Taylor diagram’, which shows multiple aspects of a model/observation
comparison simultaneously (http://www-pcmdi.llnl.gov/pcmdi/pubs/pdf/55.pdf).

A new emphasis on more subtle aspects of climate variability has been driven by climate change
research. This seeks to identify how the climate may be altered due to human activity, such as the release of
CO; into the atmosphere from smokestacks and tailpipes. One interesting finding is that some of the
observed increase in global temperatures in recent decades is due more to warmer daily minimum
temperatures than daily maximum temperatures®. In other words, the daily range of temperatures is
decreasing and the distribution of hourly temperatures is changing. Another interesting result is that changes
in the frequency of extreme climate events, such as “hot” days or “heavy” rainfall, may be one of the most
important outcomes of this process’.

Both these results suggest that a finer examination of the actual daily distributions of climate

variables, how well they are simulated and how they might change in the future, is the next logical step in



the progression of O-A GCM validation. This is made possible by the increasing quality of models, which
are doing better than ever in simulating climate variable means and variance. There are also other important
applications besides climate change that are interested in distributions. For example, people tend to turn on
their air conditioners when the temperature gets warm enough, so the distribution of summertime daily
maximum temperatures is of interest to energy producers, while daily precipitation is relevant to flooding.
How much confidence can we place in the distributions such models evolve? Are they similar to what is

observed?

Climate variable distributions

As you might expect, models (and nature) show a wide variety of distributions for interesting
climate variables, depending on the variable, the location, and the time of year. For example, Fig. 3 shows
histograms of an O-A GCM’s daily winter precipitation and average temperature at Ontario, Canada, and
cloud cover in the southwestern U.S. The precipitation histogram is highly skewed, while temperatures
follow a more Gaussian distribution (but see below). Cloud cover in the model tends to be almost binary,
with many clear days, some completely cloudy days, and a small, almost constant occurrence of days
between these extremes.

Clearly, describing all these fields simply in terms of a mean and variance can be misleading. For
example, the mean cloud cover value of 0.42 is of little worth in describing a situation where days are
typically either completely clear or completely cloudy, and it is quite unusual to have a day with fractional
cloudiness between 0.4 and 0.5.

One approach to this problem of compactly, but more accurately, describing climate variability is to
choose appropriate theoretical distributions for each variable, then present the parameters for the best-fit
curve'®. For example, temperature could be modeled by a Gaussian distribution, and the two controlling

parameters (mean and standard deviation) reported. Precipitation could be modeled by a gamma



distribution, and the shape and scale parameters retained, while cloudiness could be modeled by a two-
parameter beta distribution. By way of illustration, the best-fit curves for the appropriate distribution are
show in in Fig. 3 for each variable.

Athough this approach is not currently used in O-A GCMS, it is perfectly practical, and
computationally efficient in the following sense. Many distributions useful for climate variables, including
the Gaussian, gamma, two-parameter beta, and lognormal can be fit to a set of data using only two
accumulations (partial sums) based on the data. For example, the Gaussian and beta distributions can be fit
given Xx, and thz (where x; is the data at time t); the gamma can be fit given Xx, and XIn(x,); and the
lognormal can be fit given ln(x,) and ZIn(x,)*. Typically, climate models are run saving averaged monthly
output, for which purpose they use an accumulation Xx,. With only twice as much storage for each variable
of interest, the proper accumulations can be retained to compute, during runtime, the best-fit distributions for
daily climate variables. Otherwise, to calculate the best-fit daily distributions directly would require saving
the daily data (~30 times as much output as saving monthly data) and post-processing, which in practice

becomes a data volume and rate that is difficult to deal with.

Distributions of temperature and precipitation in the contiguous U.S.

So how well does a modern O-A GCM actually do in capturing the distribution of daily
temperatures and precipitation in the U.S.? For that matter, what do the observed distributions look like —
are they well fit by the theoretical distributions suggested above?

These questions can be answered using daily observations of temperature and precipitation over the
contiguous U.S."" Let’s step back a moment and see whether the Gaussian distribution suggested above is
actually appropriate for temperature (temperature is examined here because there is a fair body of literature

already comparing precipitation to gamma distributions, but the distribution of daily temperature has



received little attention despite its importance). One way of doing this is to make use of the skew (s) and

kurtosis (k) of the sample data, defined as:

o

n i=1 (o}

1 & (x—Xx ’
=37

where x; is the time series of data, n is the number of observations, x is the sample data’s mean, and
o is the standard deviation. Such higher order statistics should be used cautiously, since they can be hard to
estimate accurately from small samples of data. Here, we’ll use 10 years of daily data from a particular 3-
month season, which yields ~300 independent data points (taking account of the serial autocorrelation time
of a few days).

The values of s and k are unbounded, so are not convenient to plot. This can be surmounted by
mapping s and k to the unit plane using a so-called ®,-®, representation'>. This representation discards the
sign of the skew parameter, however, which is interesting to retain — are daily temperatures positively

skewed or negatively skewed? — so instead we will use the following transformation:
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With this transformation the theoretically expected values for many common distributions fall in the
region shown in Fig. 4, and can take the form of points, lines, or regions, depending on how flexible the
distribution is. For example, the points associated with the Gaussian, uniform, and exponential distributions

are shown, along with the line of the gamma distribution and the region of the beta distribution.



Overplotted in the left panel of Fig. 4 are observed values of ®, and ®, from weather stations in the
contiguous U.S., for the average daily wintertime (December, January, and March) temperature anomalies
during the decade of the 1990s. (Anomalies are departures from mean conditions for that time of year, and
are used to remove the strong effect of the annual cycle.) The values tend to have consistent negative skew,
unlike a true Gaussian distribution. Of course, there will be sampling fluctuations in the estimates due to the
finite size of the sample used; the heavy dashed line shows the region expected to enclose 95% of the data
points. Many more data points fall outside this region than should, were the underlying distribution actually
a Gaussian. Both these suggest that U.S. daily average temperature anomalies, in winter, tend to have a non-
Gaussian distribution, with a non-negligible negative skew.

How well does a modern O-A GCM capture this behavior? The right panel of Fig. 4 shows values
from the Parallel Coupled Model", a state-of-the-art climate model run with an atmospheric resolution of
approximately 2.8° in latitude/longitude and 18 vertical levels, an ocean model with about 2/3° horizontal
resolution and 32 vertical levels, a sea ice model that includes dynamics and thermodynamics, and a simple
land cover scheme that includes vegetation, soil moisture, and runoff. Note that there are less points for the
model than for observations because the model’s resolution provides less measurements over the U.S. than
there are observation stations. The model tends to generate average daily temperatures that have a wider
range of skew than observed, as well as having a larger ®y (i.e., smaller kurtosis, or flatter distribution).

What about other seasons? Fig. 5 shows similar plots for data during northern hemisphere summer
(June-July-August). The observations show many more stations with positive skew than are seen in winter,
although there is still a tail of stations with negative skew. The model results for summer are little changed
from the winter results, suggesting that the model does not capture the change between summer and winter
processes as well as it might.

It is also interesting to look at how the characteristics of the distributions vary with location. Fig. 6

shows local @, for average daily temperature anomalies in winter, for both the observations and the O-A
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GCM. The model gets some of the large scale features correct without capturing the details; for example, the
most negatively skewed values tend to occur in the mountainous regions of the Northwest as well as the
southern part of Florida. The model reproduces this but also extends the tongue of negative skew values too
far into the central plains states. The regions of most positive skew are found in mid to southern California
and a region centered on Louisiana; the model has a local maximum of skew in Southern California, but in
the Gulf states the a maximum is displaced noticeably to the west, falling in Texas.

We saw by comparing Fig. 4 to Fig. 5 that the skew for temperature anomalies was rather different
between the summer and winter in the observations, but less so in the model. Figure 7 shows the
geographical distributions for summer conditions. As anticipated, large differences between summer and
winter conditions can be seen in the observations (compare to Fig. 6); the upper Midwest and Pacific
Northwest coastal regions change to positively skewed values in the summer, while the Gulf coast region
around Louisiana changes to negatively skewed conditions. The summer-winter difference in the O-A GCM
and correspondence with observations are more modest, indicating that processes determining daily average
temperature are better captured in winter than in summer. For example, the model misses the fringe of

positively skewed stations along the west coast in the summer.

The Larger View

It is interesting to think about some of the larger issues this approach touches on. For example, what
have we discovered about the quality of the model? How applicable are these techniques to other problems,
or other modeling approaches of the same problem? And can we say how much model validation is
“enough”?

A useful way of approaching these issues is to realize that O-A GCMs are tools intended to address
particular questions. The judge of quality, then, lies in how well the model simulates aspects of the system

relevant to the question involved. For example, we saw in Fig. 7 that the model misses the fringe of
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positively skewed daily temperature distributions along the west coast. Histograms in this region show that
the model eliminates the tail of very hot days from the observed distribution. Summer electricity use in that
region is largely driven by those hot days, because of air conditioning loads. So, this particular model would
not be a good tool to examine summer electricity loads on the U.S. west coast. On the other hand, the shape
of the summer temperature distributions in the New England states is close to that observed; looking at
electricity use in that region with this model would be fully justified. Other models might well have
different locations where they perform well or poorly.

The key idea is that the answer to a question or application depends on particular variables and
aspects of those variables (mean, variance, skew, etc.). A model’s simulation of those can be rigorously
characterized, using techniques such as described here. The experimenter then has to evaluate whether the
simulation is realistic enough to help answer the question at hand. If so, then the validation may be thought
of as “sufficient,” for that model and that question.

This is a very broad, top-level view of a validation process, and one that is applicable to a wide
variety of fields. It has particular emphasis in climate research is because there is only one system (the
Earth), and controlled experiments on the Earth’s climate are not possible. As a result, simulations are the
only viable means of experiment, and it must be assumed that a simulation that accurately reproduces
observed means, variances, skews, and other statistical measures does so because it is realistically simulating
the actual causal physics involved.

We’ve been talking here about O-A GCMs, which are dynamical models that integrate the equations
of motion forward in time, typically on a grid discretized in space or in frequency (for the spectral
approaches). There is another whole class of climate models —statistical models -- that start with the basic
idea that the simulated statistics must be correct in order to have a useful climate model. (By contrast, O-A
GCMs start with the basic idea that the simulated physics must be correct for a useful model, then work

forward to the statistics). A statistical model might, for example, use multiple regression to predict
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temperatures at an uninstrumented location based on temperatures at nearby weather stations; or it might use
monte-carlo techniques to generate “synthetic weather” whose statistical characteristics mimic those
observed. There are, of course, much more complicated and interesting types of statistical models'.

While statistical models are extremely useful, the current fashion seems to be to use O-A GCMs for
many of these purposes instead. There are several reasons for this. One is that it is trivial (although possibly
time-consuming) to start with the dynamics encapsulated in an O-A GCM and empirically derive its
statistics, merely by running the model for a long enough time. By contrast, it is far more difficult to start
with the statistics of an observed variable and derive the form of the underlying dynamics. Another is that O-
A GCMs naturally simulate the wave-like motions in the atmosphere that cause weather at locations
separated in space or time to be linked. These linkages have to be built into statistical models explicitly,
which means they must be known beforehand. This can be difficult in data-poor regions, when a large

network of stations is considered, are when the remote linkages are not well understood.

Conclusions

The preceding is meant to give a flavor for the kinds of analyses that can be done, and information
obtained, by examining the distributions of model variables and comparing them to observations. There is
much more than can be done with this technique; for example, by examining daily high or low temperatures
(rather than just the average examined here), looking at other climate variables, or examining the kurtosis
parameter rather than the skew. Distributions can be compared between El Nino years and La Nina years to
see how global-scale climate fluctuations affect local weather. In addition to showing how the model
simulates the system, these can reveal interesting aspects of the real world. For example, the skew of daily
maximum temperatures differs from that of daily average temperature over the Northeast U.S., while the
skew of daily minimum temperatures differs over the west. Ultimately, these kinds of comparisons can

uncover reasons for why climate behaves as it does and how well models simulate that behavior.



This kind of validation of a complicated model is useful for situations where there is only one

example (the Earth) and no possibility of controlled experiments. Moving from comparing means, to
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comparing variability, to (as proposed here) comparing the distributions of variables is motivated by a range

of applications including climate change, flood control, and energy demand forecasting, and is made

possible by the ever-increasing realism of large scale O-A GCMs.
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Figure Captions

1. Upper: components of the surface heat balance for an O-A GCM forced with historical CO, emissions
over the period 1870-1999. LW-DOWN is downwards longwave (thermal) radiation from the atmosphere,
"Short" is incoming shortwave (solar) radiation, LW-UP is upwards longwave from the surface, and NET is
the sum of the other components. Lower: difference from 1880-1930 average.

2. Left: simple conceptual climate model, showing how the surface temperature is determined by the balance
between the incoming and outgoing radiation. Two models with different cloud parameterizations are shown
(M-R and M-LW). Right: after a uniform decrease to the incoming solar radiation.

3. Histograms of daily precipitation and temperature at Ontario, Canada, and daily cloud cover in the
southwest U.S., from an O-A GCM.

4. A region of the O,-0y plane, illustrating (transformed—see the text) skew and kurtosis parameters
estimated from average daily temperature anomalies in winter (Dec-Jan-Feb) over the contiguous U.S. Left
panel: black points show observed station data, 1990-1999. Right panel: black points show data from an O-
A GCM. The theoretically expected values for Gaussian (red), exponential (blue), uniform (green), gamma
(purple), and beta distributions (orange) are also shown.

5. As in Figure 4, but for summer (Jun-Jul-Aug).

6. Geographical distribution of transformed skew parameters for daily average temperature anomalies in
winter (Dec-Jan-Feb). Top: observed station data, 1990-1999. Bottom: for an O-A GCM.

7. As in Figure 6, but for summer (Jun-Jul-Aug).
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