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making at the appropriate time scale to inform options most effectively.
Projections of long-term climate change may have little value at the
operational level for current practices. However, such projections might
inform planning decisions as well as the framework under which operational decisions are made in the future (i.e., whether expected climate
changes will necessitate more flexible operational policies).
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Given the normal distribution
(bell curve) of possible outcomes shown in Figures 5.1 and
5.2, this figure demonstrates
that different management or
policy options are often designed (or only able) to address
a certain subset of outcomes.
Each option represents a different approach to managing
risks and opportunities, and the
figure demonstrates the tradeoffs associated with each. For
example, ‘Option 1’ focuses on
the possible hardship or crisis
outcomes, perhaps ensuring
that the system experiences the
equivalent of baseline conditions (white space representing outcomes that are neither
harms nor benefits) even if the
outcomes are below the Risk
Threshold (see Figure 5.1).
‘Option 2’ is intended only to
take advantage of possible
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for example, a
drought-tolerant
seed variety may
not be as highyielding as a
normal one, given
sufficient rainfall
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4. What are the options for using the information for adaptive management of
water resources? – Managing climate risks across timescales

1. Climate Models and Climate Change Projections

3-D Dynamical Models
(General Circulation Models)
Atmosphere (including land
surface) (AGCM)
Ocean (sometimes including
sea ice) (OGCM)
Coupled Atmosphere-Ocean
(CGCM, AOGCM)
Uses:
• Simulations: 3-dimensional circulation of the atmosphere and/or ocean
• Experiments: Can modify any aspect of the Earth or climate system or its forcing
and examine the response
• Forecasting
* Weather forecasts
* Seasonal-to-interannual forecasts
* Climate change projections
…
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GCM Evolution

Development of
climate models
over the last 25
years, showing
how the different
components are
first developed
separately and
later coupled into
comprehensive
climate models
Source: http://www.bom.gov.au/info/climate/change/gallery
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2. What do the models say for South America?

Chapter 11

Regional Climate Projections

Figure 11.15. Temperature and precipitation changes over Central and South America from the MMD-A1B simulations. Top row: Annual mean, DJF and JJA temperature
change between 1980 to 1999 and 2080 to 2099, averaged over 21 models. Middle row: same as top, but for fractional change in precipitation. Bottom row: number of models
out of 21 that project increases in precipitation.

century is –9% under the A1B scenario, and half of the models

IPCC,
WG1
projectAR4,
area mean
changes from –16 to –5%, although the
full range of the projections extends from –48 to 9%. Median
changes in area mean precipitation in Amazonia and southern

does not change, Knutson and Tuleya (2004) estimate nearly a
20% increase in average precipitation rate within 100 km of the
storm centre at the time of atmospheric carbon dioxide (CO2)
doubling.
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How best to
present
projections of
future climate?
Ensemble mean?
What about
uncertainty?
Are all the
models equally
good?
# models with
a given answer?
Do models span
range of
possibilities?
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and parts of the North Atlantic Ocean (see Figure
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The apparent increase
Summary for Policymakers
in the proportion of very intense storms since 1970 in
some regions is much larger than simulated by current
Sea ice is projected to shrink in both the Arctic and
Antarctic
under all
SRES
scenarios.
In some{9.5,
projections,
models
for
that
period.
10.3, 3.8}

... important to interpret regional changes in the
context of global picture
• Snow cover is projected to contract. Widespread
increases in thaw depth are projected over most
There is now higher confidence in projected patterns
permafrost regions. {10.3,
10.6}
of warming
and other regional-scale features,

•

arctic late-summer sea ice disappears almost entirely
by the latter part of the 21st century. {10.3}

including changes in wind patterns, precipitation
and some aspects of extremes and of ice. {8.2, 8.3,
8.4, 8.5, 9.4, 9.5, 10.3, 11.1}

PROJECTIONS

OF

• It is very likely that hot extremes, heat waves and heavy
to become more
frequent. {10.3}

precipitation
events will continue
SURFACE
TEMPERATURES

• Projected warming in the 21st century shows scenarioindependent geographical patterns similar to those
observed over the past several decades. Warming is
expected to be greatest over land and at most high
northern latitudes, and least over the Southern Ocean
and parts of the North Atlantic Ocean (see Figure
SPM.6). {10.3}
• Snow cover is projected to contract. Widespread
increases in thaw depth are projected over most
permafrost regions. {10.3, 10.6}
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• Based on a range of models, it is likely that future
tropical cyclones (typhoons and hurricanes) will
become more intense, with larger peak wind speeds
and more heavy precipitation associated with ongoing
increases of tropical sea surface temperatures. There is
less	
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numbers of tropical cyclones. The apparent increase
in the proportion of very intense storms since 1970 in
some regions is much larger than simulated by current
models for that period. {9.5, 10.3, 3.8}

SURFACE TEMPERATURES

Figure SPM.6. Projected surface temperature changes for the early and late 21st century relative to the period 1980–1999. The central

Figure SPM.6. Projected surface
temperature
changes
for
the projections
early and
late
21stA1Bcentury
relative
toSRES
thescenarios
period 1980–1999. The central
and right panels
show the AOGCM
multi-model
average
for the
B1 (top),
(middle) and
A2 (bottom)
averaged over the decades 2020– 2029 (centre) and 2090–2099 (right). The left panels show corresponding uncertainties as the relative
and right panels show the probabilities
AOGCMof estimated
multi-model
average projections for the B1 (top), A1B (middle) and A2 (bottom) SRES scenarios
global average warming from several different AOGCM and Earth System Model of Intermediate Complexity
for the
same (centre)
periods. Some
studies
present results (right).
only for a subset
the panels
SRES scenarios,
or for
various model versions.
averaged over the decadesstudies
2020–
2029
and
2090–2099
The ofleft
show
corresponding
uncertainties as the relative
Therefore the difference in the number of curves shown in the left-hand panels is due only to differences in the availability of results.
probabilities of estimated global
average
{Figures 10.8
and 10.28}warming from several different AOGCM and Earth System Model of Intermediate Complexity
studies for the same periods. Some studies present results only for a subset of the SRES scenarios, or for various model versions.

IPCC, AR4, WG1

Summary for Policymakers

PROJECTED PATTERNS

OF

PRECIPITATION CHANGES

Figure SPM.7. Relative changes in precipitation (in percent) for the period 2090–2099, relative to 1980–1999. Values are multi-model
averages based on the SRES A1B scenario for December to February (left) and June to August (right). White areas are where less than
66% of the models agree in the sign of the change and stippled areas are where more than 90% of the models agree in the sign of the
change. {Figure 10.9}

• Extratropical storm tracks are projected to move
poleward, with consequent changes in wind,
precipitation and temperature patterns, continuing the
broad pattern of observed trends over the last halfIPCC,
AR4, WG1
century. {3.6, 10.3}

Anthropogenic warming and sea level rise would
continue for centuries due to the time scales
associated with climate processes and feedbacks,
even if greenhouse gas concentrations were to be
stabilised. {10.4, 10.5, 10.7}

3. Sources of uncertainty

There is uncertainty in IPCC model projections.
• Emission scenarios
• Model formulation
• Internal variability
are all sources of uncertainty.
Uncertainty can vary in character depending
on variable considered, and on spatial/temporal
scales considered.

Trust in Models (Outline & Main Points
1) Models are based on physical laws (conservation of
momentum, energy, etc.)
2) Models can simulate the current climate (mostly)
- Temperatures, precipitation patterns, heat transports
3) Models can produce features of past climates & climate
changes (mostly)
- faster increases in night T than day T
- accelerated Arctic warming
- Post-volcano cooling
è Assuming we do trust the models (kinda) how best to use
the information? What specificity of
information can we expect on seasonal to centennial
timescales?
3 Dec 2008
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Current Climate
Surface temperature (contours)
Error in multi-model mean
temperature (shading)

Typical magnitude of error
in individual model
(i.e. RMSE across models)
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Current Climate
Observed
Precipitation

Multi-Model
Average
Precipitation
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Reproducing the Past

Correlation-type measure perhaps less informative here than
the result that global temperature increases (particularly in the
past few decades) if anthropogenic forcings are included.
Notice also the clear episodic cooling response due to
large volcanic eruptions.
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On average, the global models can capture the
main features of climatological patterns of
temperature and precipitation
but ...

Trends in annual means over 1951–1999

41

Shin & over
Sardeshmukh
Fig. 1 Trends of annual-mean surface air temperature (left) and precipitation (right)
1951- (2010,
Climate model
Dynamics)
1999 derived from (a) observations, (b) multi-model ensemble-mean coupled climate

Why the disagreement?

Why the disagreement?

Trends in tropical sea surface temperatures

43

g. 3 Trends of annual-mean tropical (30°S-30°N) SSTs over 1951-1999 derived from (a
servations and (b) the multi-model ensemble-mean of the coupled simulations. All simulation
d observational data were interpolated to a common ~ 2.8°!2.8° latitude-longitude grid and
Shin & Sardeshmukh
(2010,
en truncated to total spherical wave number 21 to focus on the comparisons
of larger
scale
Climate Dynamics)
atures (Sardeshmukh and Hoskins 1984).

These mis-represented interdecadal trends are
particularly an issue for “near term” climate change
until 2050. They are less problematic as the signal
of the forcing comes to dominate at end-ofcentury.

Decadal forecasts – Can we predict this lowfrequency ocean evolution?

Decadal prediction skill over land: Yet to be demonstrated

r

RMSE

• The forecast “target” here is precipitation averaged over the period 2-5 years ahead. Statistics
are computed over 40 forecasts that were produced using a sophisticated modeling and
prediction scheme that targets the decadal scale.
• Two metrics for forecast skill are shown (top and bottom rows). Third and fourth columns show
skill improvement (if any) resulting from ocean initialization.
• Conclusion: Little if any skill evident in terrestrial Africa, including the Western Cape.

4. What are the options for using the information
for adaptive management of water resources?
Managing climate risks across timescales

Timescales of Variability in Observations
e.g. Climate Variability & Change in CO

Temperature

Precipitation
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• interannual variability has largest amplitude at local scales!
• much is understood about interannual variability driven by ENSO
• interdecadal variability is much more poorly understood
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What Seasonal Forecasts Represent

Shifts in
the odds

Philippines example of using seasonal climate
forecasts in reservoir management

How can climate science knowledge and models
help inform adaptation planning?
Example:
the Angat
reservoir in the
Philippines

Figure 1: (a) Location of the 76 stations with shadings representing altitude 500–1000m

Integrating Forecasts for Reservoir
Management: Angat, Philippines
Project objectives:
•Understand Angat reservoir decision
process and appropriate entry points for
improved climate information
•Work with PAGASA to develop downscaled
forecasts of inflow
•Integrate inflow forecasts into existing
reservoir model to manage competing water
use

Angat Reservoir, Bulacan Province. Photo: PAGASA.

Angat Reservoir:
Key Collaborators
Project Partners
•National Water Resources Board
•PAGASA
•University of the Philippines Los Banos
Extensive consultation with water users,
including:
•National Irrigation Administration (national
and provincial levels)
•Metropolitan Waterworks and Sewerage
System (+2 concessionaires)
•National Power Corporation
Support from:
USAID, NOAA, Columbia University
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Climate risk management in reservoir operation
context (simplified)
• Allocations of water are made after the rainy season (when reservoir peaks)
for the coming year, to municipal and agricultural users
• Water level in reservoir is managed to keep within upper and lower rule
curves
• If the water level drops below the lower rule curve, the promised allocation
cannot be kept, and there is failure of supply
• The probability of being able to deliver is the reliability of supply
• A target reliability might be 90%
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Reservoir management in Philippines

1. Reservoirs operated without forecasts in
risk averse mode
Anticipating drought of record in every year
2. Forecasts provide enhanced estimate of
drought risk
Identifying opportunities in years when
drought risk is low
3. Decision Support System communicates
forecast in relevant terms
Reservoir levels, reliability, water deliveries
4. Risks of forecast use must also be
managed

methods (e.g., linear regression) to relate GCM outputs to weather
observations at a smaller scale. These techniques are very helpful for
translating the output from GCMs into information that can be used
to develop forecasts for a specific reservoir or water system. Figure 4.10
illustrates possible methods for translating GCM-based dynamical model
outputs to streamflow forecast.

How to translate (or “tailor”) climate forecasts to the
needs of reservoir managers?
Figure 4.10

Illustration of p
combinations o
cal and statistic
techniques tha
using SST to de
streamflow fore
GCM forecast input

from a single model
GCMs.

Source: Adapted
et al. (2009)

Similar to the statistical forecast methods described above, dynamical
model forecasts can be calibrated and refined using statistical methods
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Tool for tailoring
seasonal forecasts
SELECTING
THE ANALYSIS

motivated by experience at Climate
Outlook Fora (COFs) in Africa

Tool for tailoring
seasonal forecasts
SELECTING
THE ANALYSIS
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Managing Climate Risk
in Water Supply Systems
Materials and tools designed to empower technical professionals
to better understand key issues

Link to Water CRK manual
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Figure 5.6
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Based on this information, we can also generate probabilistic
distributions of inflows for the October-December period
(Figure 5.7).
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Link to Water CRK manual

At this stage in the analysis, these probability

Integration of Climate Forecasts into
Reservoir Management Tool

Seasonal
inflow
forecast

Tool: shows probability associated with
particular allocations and forecasts
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A stochastic simulation approach
• Concept:
‣ given the large uncertainty of climate change projections, one approach is
to test the sensitivity of water-allocation reliability to synthetic scenarios of
inflow to the reservoir, based on the statistics of historical data and some
possible scenarios
• The inflow model:
‣ A first-order auto-regressive model

‣ Superimpose linear trends c=c(t)

Simulated flow traces:
Historical
interannual
variability
+
long-term
trend
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Figure 5.9 (a)

Projected inflow traces
with a long-term trend
of -20%, interannual
variability consistent with
the historical record, and
no systematically imposed multidecadal variability. Traces sampled from
100 simulations by selecting
every 10th trace after ranking
by average inflow. Includes
trendline average for all inflow
traces (4.2mcm/year decrease)
Source: Simulated traces from IRI;
Angat inflow and storage level
data from Philippines National
Power Corporation

Power Corporation

Simulated flow traces:
Interdecadal variability, NO long-term trend
Figure 5.9 (b)

Projected inflow traces
with no systematically imposed long-term trend,
but with a randomly
imposed multidecadal
variability (imposed lag
1 autocorrelation, r=0.8).
Traces sampled from 100 simulations by selecting every 10th
trace after ranking by slope of
trace trendline (derived using
ordinary least squares regression). Includes trendlines for
inflow traces with 10th highest
(15.7mcm/year increase) and
10th lowest (16.4mcm/year
decrease) slope.
Source: Simulated traces from IRI;
Angat inflow and storage level
data from Philippines National
Power Corporation

Simulated flow traces:
Interdecadal variability AND long-term trend
MANAGING CLIMATE RISK IN WATER SUPPLY SYSTEMS
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Figure 5.9 (c)

Projected inflow traces
with a long-term trend
of -20 and a randomly
imposed multidecadal
variability (imposed lag 1
autocorrelation, r=0.8).
Traces sampled from 100 simulations by selecting every 10th
trace after ranking by slope of
trace trendline (derived using
ordinary least squares regression). Includes trendlines for
inflow traces with 10th highest
(11.3mcm/year increase) and
10th lowest (20.7mcm/year
decrease) slope.
Source: Simulated traces from IRI;
Angat inflow and storage level

Figures 5.9a,b,c illustrate that over a 40-year timeframe, water resources
managers need to be aware of the potential range of trends that can result
from multidecadal variations in the climate system. Consultation with
climate experts for the region of operation should inform the appropriate
stochastic time-series model and magnitude of random variation to

data from Philippines National
Power Corporation

Impact of linear trend on reliability
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Figure 5.10

Reliability based on average of 100 simulated
projections of inflow
traces with a long-term
trend of -20% and no
multidecadal variability
(the type illustrated in
Figure 5.9a).

The simulated long-term trend of -20% clearly results in a significant
decrease in reliability. Assessment of the system’s sensitivity to climate
changes in this way provides insights to vulnerability and can be an
important input to risk assessment. Altering the simulation management
strategies (such as allocating less water) can reveal actions that achieve
satisfactory outcomes in the presence of climate change. It can therefore
provide insight into which allocation strategies can be expected to be

The reliability is calculated
as the percent of simulations
in which the reservoir level is
above a given threshold (lower
rule curve) at the end of March
each year. The solid brown
lines indicate the average of
the reliability values for the first
and last 10-year period (i.e.,
2008-2017 and 2038-2047).
Source: Simulated traces from IRI;
Angat inflow and storage level
data from Philippines National
Power Corporation

Scenario

Cumulative
deficit statistic
(mcm)

Average
reliability

Table 5.2

Average
reliability

first 10 years

Sensitivity metrics for
reservoir system based
on simulated climate
scenarios.

last 10 years

No trend and
no multidecadal
signal

59

64%

65%

Trend of +20%
and no multidecadal signal

33

68%

82%

Trend of -20%
and no multidecadal signal

94

65%

49%

Trend of +20%
with multidecadal
signal

64

70%

79%

Trend of -20%
with multidecadal
signal

198

65%

46%

No trend, but
with multidecadal
signal

145

64%

62%

The results in Table 5.2 reveal the significance of the multidecadal signal.
Because a certain phase of a multidecadal signal might lead to dry
conditions over several years, this will increase the likelihood of consecutive shortfalls and shortfalls of greater severity. This will not usually be
captured in changes in simulated average reliability, so it is important to
develop metrics that capture such sensitivity in the system and provide a
comprehensive risk assessment.

Reliability based on average
of 100 simulated projections
of inflow traces under various
scenarios (with or without a
long-term trend of +/-20% and
with or without a multidecadal
signal introduced by adding
autocorrelation with a lag1
correlation of .8). Cumulative
deficit statistic is the maximum cumulative shortfall for
consecutive shortfall years (over
the last ten years) that would be
expected to be exceeded 10%
of the time, where the shortfall
(deficit) is the difference between the threshold level and
the simulated reservoir level
at the end of the period. No
shortfall is experienced if the
reservoir level meets or exceeds
the lower rule curve at the end
of the period. The reliability
is calculated as the percent
of simulations in which the
reservoir level is above a given
threshold (lower rule curve) at
the end of the period. Average reliability for first 10 years
based on 2008-2017, for last
10 years based on 2038-2047.
The results reveal the significant
effect of multidecadal variability on the cumulative deficit
statistic; even when there is no
systematically imposed longterm trend, the existence of the
multidecadal variability results
in a significant increase in the
possible cumulative deficits that
must be planned for.

Toward greater realism – Incorporating IPCC
Scenarios

Slides from Arthur Greene

A region of interest: The Western Cape, South Africa

High economic value: Agriculture, urban water (principal supply for Cape Town)
Population increase + projected rainfall decline: Collision trajectory…
Problem: How to anticipate potential climatic stresses – and their socioeconomic
consequences.
The decadal scale becomes important for longer-range planning.

Future of the Western Cape: Lines of evidence
Annualized regional data

IPCC: Climate change

Observed daily variability

• To generate future climate outlooks, information from a variety of sources is
synthesized, including climate change projections from IPCC models, the
characteristics of observed variability and theoretical expectations.
• Salient question: Can climate models predict variations on the decadal scale?

Elements of a simulation model
Component

Source

Model

Climate change (trend-like)

IPCC and local observations

IPCC (pr) / linear regression (T)

Annual-to-decadal

Regional-mean observations

Vector autoregressive – VAR(1)

Subannual (seasonal to daily)

Local obs, regional coherence

K-NN resampling

The table describes elements of a complex simulation scheme, designed to reproduce
important characteristics of the observed climate while also incorporating IPCC-based
climate change information. Some important points:
•The climate change element varies among IPCC models (see plot); the distribution is
sampled in order to generate simulations.
•The three components (table, above) are not assumed to be independent.
•Given the absence of demonstrated decadal prediction skill, a “VAR(1)” model is used to
simulate variations on the annual-to-decadal scale. This model takes into account the
simultaneous variations of precipitation and temperature.
•Subannual variations are resampled coherently across the domain.

Example simulations

Two simulations for the same catchment are shown, including observed values during
1950-1999. At left the 2041-2050 decade is unusually dry; at right it is wet. The median
precipitation trend from the IPCC distribution is used. At left, the drying due to this long-range
trend is doubled by the decadal fluctuation; at right it is cancelled. Trend alone causes drying
of about 10% for the 2041-2050 decade.

Incorporating IPCC Scenarios

Figure 2.

GREENE ET AL.: SIMULATIONS FOR THE BERG AND BREEDE WMAS

Method schematic: Nodes (boxes) represent signals, and edges (lines) the processes that link

W0650

Important Issues
• Are the relevant climate processes represented in the simulations?
• Do known modes of climate variability (ENSO, SAM, IPO) impact the region?
• How may diﬀerent anthropogenic forcings play a role in the region, such as
aerosols, stratospheric ozone?

Dynamical Downscaling?

3 Dec 2008

EESC W4400x

Example: 2 IPCC CGCMs,
both downscaled with same
regional model (RCM).

Tropical Pacific Trend Pattern vs
ENSO Variability

30 November 2010

EESC W4400

Source: IPCC AR4 WG1, Chp 10
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• In the near-term (e.g. til 2050), decadal
variability may be large and not
represented in IPCC models
• developing methods to manage
today’s year-to-year variability can
help build resilience to climate change

• Need information from a variety of
sources
• Need interdisciplinary partnerships!

Ultimately, successful climate risk management relies on:
1) the quality of the climate information;
2) successful integration of this information into relevant
decision tools (such as reservoir models); and
3) incorporation of the information into decision making,
including relevant policies, regulations, and other
institutional processes.

The International
Research
Institute
Make your own seasonal
forecasts
of reservoir
inflow, manage water
for Climate and Society
allocations, and explore climate change sensitivities!

Managing Climate Risk
in Water Supply Systems
Materials and tools designed to empower technical professionals
to better understand key issues

http://crk.iri.columbia.edu/
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