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Introducing PCMDI
 PCMDI: Program for Climate Model Diagnosis and Intercomparison

 Service:
 Coordinate international climate modeling simulations (standard benchmark
experiments)
 Enable broader science community to analyze and evaluate models

 Goal: Quantify how well models simulate present-day climate and

evaluate uncertainty in projections of future climate change

 PCMDI was established in 1989
 Has been at Lawrence Livermore National Lab since then
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Structure
 Introduction: Why we need climate models

 Evaluating climate models

 Problems in identifying the “best” and “worst” models

 Can we reduce uncertainties in model projections of future climate

change?

 Conclusions
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Average surface temperature change ( C)

Computer models can perform the “control experiment”
that we can’t do in the real world

Meehl et al., Journal of Climate (2004)
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Models are the only credible tools we have for projecting
the climatic “shape of things to come”

A2
A1B
B1
Constant composition
20th century

Source: IPCC Fourth Assessment Report (2007)
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We routinely test how well current climate models
simulate:


Today’s annual average climate



The daily cycle of temperature, clouds, and rainfall



Changes over the seasonal cycle



The response to massive volcanic eruptions



Ocean uptake of products of atmospheric tests of nuclear weapons



The climate changes of the past 30 to 150 years



Climates of the “deep past” (like the last Ice Age)



Weather



Modes of natural climate variability (like El Niño)
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Evaluating how well computer models simulate seasonal
changes in climate
“Worst”

Latent heat flux at surface
Sensible heat flux at surface
Surface temperature
Reflected SW radiation (clear sky)
Reflected SW radiation

Climate variable

Outgoing LW radiation (clear sky)
Outgoing LW radiation
Total cloud cover

Precipitation
Total column water vapor
Sea-level pressure
Meridional wind stress
Zonal wind stress
Meridional wind at surface
Zonal wind at surface
Specific humidity at 400 mb
Specific humidity at 850 mb

Meridional wind at 200 mb
Zonal wind at 200 mb
Temperature at 200 mb
Geopotential height at 500 mb
Meridional wind at 850 mb
Zonal wind at 850 mb
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Gleckler, Taylor, and Doutriaux, Journal of Geophysical Research (2008)
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Can we improve the representation of clouds and rainfall
in climate models?
Cloud fraction at Point Barrow ARM site

Xie et al., Journal of Geophysical Research (2008)
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How do we make the best use of scientific information
from a large archive of climate model output?
 Not all computer models are of equal quality

 Because of differences in model quality, there is increasing interest in

“weighting” computer projections of future climate change
 Most studies have weighted individual models by simple measures of their

performance in simulating today’s average climate

 Is it a model democracy (“One model, one vote?”) Or should we pay

more attention to “better” models?

 Can we define a Letterman-like list of “top 10” climate models?

An example of the difficulties involved in identifying the
“best” models: The case of water vapor

We found that:
 There is an emerging human-caused signal in the increasing moisture

content of Earth’s atmosphere
 This signal is primarily due to human-caused increases in well-mixed

greenhouse gases
16

Although the models showed important differences in their
performance, they had equal weight in the fingerprint study
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Santer et al., Proceedings of U.S. National Academy of Sciences (2007)

Does “model quality” matter in climate fingerprinting?
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If we use only the “top ten” models, can we still identify a
human fingerprint in observed water vapor changes?
 We identified the “top ten” models (out of 22 in the CMIP-3 archive) in

three different ways, using measures of model performance in simulating:
 The climatological mean state and seasonal cycle pattern (“M+SC”)
 The amplitude and pattern of variability on different timescales (monthly, 2year, 10-year; “VA+VP”)
 Mean state, seasonal cycle, and variability (“ALL”)

 This was done for:
 Two different variables: Water vapor and sea-surface temperature (SST)
 Five different geographical regions: AMO, PDO, Niño 3.4, tropical oceans
(30 N-30 S), and near-global oceans (50 N-50 S)
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How did we do the model ranking?
 M+SC:

20 model performance metrics

 VA+VP:

50 model performance metrics

 ALL:

70 model performance metrics

 For each set of metrics, model ranking was done in two different ways:
 Parametrically: Rank is average of normalized values of individual metrics (“P”)
 Non-parametrically: Average of the ranks for each individual metric (“NP”)

 In each case, identified “top ten” and “bottom ten” models
 12 cases: 3 groups of metrics (M+SC, VA+VP, ALL)
NP) 2 groups of models (Top ten, Bottom ten)

2 ranking schemes (P,
21

How did we do the model ranking?
 M+SC:

20 model performance metrics

 VA+VP:

50 model performance metrics

 ALL:

70 model performance metrics

 For each set of metrics, model ranking was done in two different ways:
 Parametrically: Rank is average of normalized values of individual metrics (“P”)
 Non-parametrically: Average of the ranks for each individual metric (“NP”)

 In each case, identified “top ten” and “bottom ten” models
 12 cases: 3 groups of metrics (M+SC, VA+VP, ALL)
NP) 2 groups of models (Top ten, Bottom ten)

2 ranking schemes (P,
22

How did we do the model ranking?
 M+SC:

20 model performance metrics

 VA+VP:

50 model performance metrics

 ALL:

70 model performance metrics

 For each set of metrics, model ranking was done in two different ways:
 Parametrically: Rank is average of normalized values of individual metrics (“P”)
 Non-parametrically: Average of the ranks for each individual metric (“NP”)

 In each case, identified “top ten” and “bottom ten” models
 12 cases: 3 groups of metrics (M+SC, VA+VP, ALL)
NP) 2 groups of models (Top ten, Bottom ten)

2 ranking schemes (P,
23

Relationship between different measures of model skill
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How do we make the best use of scientific information
from a large archive of climate model output?
Santer et al., Proceedings of the U.S. National Academy of Sciences (2009)

Rankings based on 20
different “performance
metrics”

Rankings based on 50
different “performance
metrics”
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How do we make the best use of scientific information
from a large archive of climate model output?

Rankings based on 20
different “performance
metrics”

Rankings based on 50
different “performance
metrics”
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Is the identification of a human “fingerprint” in water vapor
changes sensitive to model quality information?
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Degrees C

Can we reduce uncertainties in regional-scale projections
of future climate change?

Slides courtesy of Dr. Mike Wehner, Lawrence Berkeley National Laboratory

Why is it difficult to assess the reliability of climate model
projections?

 In weather forecasting, we make predictions days, weeks, or months in

advance
 We have the data necessary to test the skill of the forecast

 In climate change experiments, we make “projections” years, decades,

or centuries into the future
 Limited data available for assessing the skill of the projections

 The relationship between a climate model’s skill in simulating present or

past conditions and its predictive skill is largely unknown

So how can we assess the reliability of climate model
projections?
 We can evaluate model physics
 We can build confidence by testing a model’s ability to simulate a wide variety
of phenomena

 We can study individual “feedback” processes that determine how sensitive
the climate system is to CO2 increases

 We can see how well we did with projections made 5–15 years ago

 We can make true decadal “predictions” of future climate
 We can start (“initialize”) a model with present-day (or past) ocean and
land surface conditions, and then make a true forecast of the climate of the
next decade

The quest for the Holy Grail: Uncovering relationships
between present-day “observables” and future changes

Response of snow cover to global warming in models is related to their snow
response to spring warming (Hall and Xu, Geophysical Research Letters, 2006)

Conclusions: Model evaluation and weighting projections


We routinely evaluate climate model performance in a variety of different ways



Model errors are complex in space and in time



Even for a relatively straightforward application (identifying a human fingerprint in
observed water vapor changes), it is not easy to make an unambiguous
identification of the “top ten” models



In the water vapor case, there is not a clear relationship between model errors in
simulating the mean state and the temporal variability



It may be difficult to come up with objective, scientifically-defensible schemes for
weighting projections of future climate change
 Best practice: Do model weighting in many different ways, and examine sensitivity of
things you care about (like “fingerprint” detectability) to different weighting options
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Conclusions: Reducing “projection uncertainties”


Projection uncertainties are largely due to uncertainties in key feedback
mechanisms (clouds, snow, ice, water vapor)



Observations may help to constrain uncertainties in model estimates of feedback
processes
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