Type 1 downscaling is used for short-term, numerical
weather prediction
prediction. With dynamic downscaling
downscaling, the
regional model is forced by lateral boundary conditions
from a numerical global model weather prediction or
global reanalysis at regular time intervals, along with
underlying
boundary
conditions
d l i
b
d
di i
((such
h as topography
h or
soil moisture), and specified initial conditions for the land
surface and atmosphere. A numerical global model
weather p
prediction is one in which the initial observed
atmospheric conditions are not yet forgotten. The Method
of Model Output Statistics (MOS) and the Perfect Prog
Method are two applications of Type 1 statistical
downscaling. The MOS method corrects for systematic
biases in the parent forecast model using regression
relationships.
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Type 2 downscaling refers to regional weather (or climate)
simulations. In this case, the regional model’s initial atmospheric
conditions are forgotten, but results still depend on the lateral
boundary conditions from a numerical global model weather
prediction (in which initial observed atmospheric conditions are
not yet be forgotten), or a global reanalysis, along with the land
surface boundary conditions. Type 2 statistical downscaling uses
the regression relationships developed for Type 1 statistical
downscaling, but applied to the global (and perhaps the regional)
weather simulation. Reanalyses such as ERA-40, NCEP, and JRA55 assimilate spatially discontinuous weather observations in
p
, humidity,
y, wind speeds
p
and so
order to estimate temperature,
forth at grid points covering the entire globe. Downscaling from
reanalysis products defines the maximum forecast skill that is
achievable with Types 3 and 4 downscaling.
e.g., Frauke Feser, Burkhardt Rockel, Hans von Storch,
Jörg Winterfeldt, and Matthias Zahn, 2011: Regional Climate
Models add Value to Global Model Data – A Review and selected
p
J of Climate. BAMS,, in p
press.
Examples.

Type 3 dynamic downscaling takes lateral boundary
conditions from a numerical global model prediction
forced
by specified
boundary
f
db
ifi d real-world
l
ld surface
f
b
d
conditions but, in this case, the initial observed
atmospheric conditions are forgotten. An example of Type
3 downscaling is seasonal weather prediction in which sea
surface
f
temperatures are prescribed
b d ffrom observations
b
to
drive global and regional models. This type of downscaling
is at the frontier of assessing climate predictability. Type 3
statistical downscaling
g uses the regression
g
relationships
p
developed for Type 1 statistical downscaling but applied to
the Type 3 global or regional weather predictions.
e g Arritt,
Arritt R.
R (current project underway) Multi
RCM
e.g.,
Multi-RCM
Ensemble Downscaling of Multi-GCM Seasonal Forecasts
(MRED)

Type 4 downscaling takes lateral boundary conditions
from an earth system model in which coupled
interactions between the atmosphere
atmosphere, ocean
ocean,
biosphere and cryosphere are predicted. Other than
terrain, all other components of the climate system
are predicted except for human forcings, including
greenhouse
h
gas emissions
i i
scenarios,
i
which
hi h are
prescribed. Type 4 downscaling is widely used to
provide policymakers with impacts from climate
decades into the future
future. Type 4 statistical
downscaling uses regression relationships developed
for the present climate, but predictors taken from
earth system model representing future climate
d
d that
h relationships
l
h
b
conditions.
It is assumed
between
real world surface observations and large-scale
weather patterns will not change.
The IPCC/ US CCSP

Since real world constraints diminish between
Type 1 to Type 4 downscaling, uncertainty
grows as more climate variables must be
predicted rather than obtained from
observations.

Type 4 downscaling has practical value but
with
i h the
h very important
i
caveat that
h they
h are
used for model sensitivity experiments and
not as predictions [e
[e.g.,
g Pielke,
Pielke 2002;
Prudhomme et al., 2010]. It would be
inappropriate to present these scenarios to
the impacts community as having forecast
skill or as reflecting the entire range of
possible future climate conditions
conditions.

(a) On the effect of spectrum nudging
How to handle the lateral boundary
condition is an important issue for the
regional model. Nudging method has been
developed, but there exists limitations in
long term integrations. To overcome the
limitations, spectrum nudging has been
d
developed
l
d and
d applied
li d to the
h llong term
integration. How effective was it?

Rockel,
R
k l B
B., C
C.L.
L C
Castro,
t
R
R.A.
A Pi
Pielke
lk S
Sr., H
H. von
Storch, and G. Leoncini, 2008: Dynamical
downscaling: Assessment of model system
dependent retained and added variability for two
different regional climate models. J. Geophys.
Res., 113, D21107, doi:10.1029/2007JD009461.
“The spectral nudging technique permits more
added variability at smaller scales than a fourdimensional internal grid nudging on large
domains. We also confirmed that dynamic
downscaling does not retain (or increase)
simulation skill of the large-scale
large scale fields over and
beyond that which exists in the larger-scale
model or reanalysis.”

(b) Added-value to what and transferability of the regional model
`

Regional models can provide added value only for certain
variables and locations. But variables of interest are different by
y
region and grid scale and physics parameterization interacting
each other. What metrics do we use to demonstrate the addedvalues to the coarse grid analysis/simulation?

What variables are these for Type 4
Are the metrics really useful to the users in one region (home
region) but also in others?
`

What variables are these for Type 4
Should the regional model be tuned for each different area? What
the validity of the application?

`

As soon as you start tuning (presumably by connecting to real world
observations) you lose independence from the regional model
observations),
model.
How to test the generality of our understanding of key physics
components of regional climate modeling?
`
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(c) Predictability of the change in the statistics
It is not obvious whether we can skillfully predict the
changes in the statistics of the weather and other
aspects of the climate system. Changes in statistics
such as frequency of synoptic disturbances
disturbances, typhoon
typhoon,
heat waves, etc. includes internal variability and
nonlinear feedback processes. Is it possible to show
the skill? What could be the experimental
p
design
g to
demonstrate it?
Skill has not been shown with Type 4 downscaling. To
test, one needs
d to run the
h models
d l using
i
past d
data
(e.g., 1979-2011) to ascertain if i) climate statistics
can be realistically simulated, and ii) changes in these
statistics in this time period can be skillfully be
predicted.

((d)) Does model with finer g
grid spacing
p
g overcome
all the limitations in DDS?
Many researchers believe that insufficient
horizontal grid spacing of models is a primary
factor of the uncertainties. However, more
sophisticated,
p
finer g
grid resolution models
include
l d much
h more parameters, which
h h will
ll
include mode diversity in the solutions. Could
we really get more accurate results by simply
using
i
models
d l with
ith fi
finer grid
id spacing
i
or b
by more
complex, physically realistic dynamical models?
What is the key point to get much more accurate
results from DDS?

Can Multi‐Decadal Global Model Predictions
P
Provide
id Skillf
Skillfull Predictions
P di i
off Regional
R i
l and
d
Local Environmental Impacts?

1. Type
yp 2 downscaling
g should be used as the
representation of the maximum skill at
simulating fine resolution climate features when
the initial conditions of the regional model are
forgotten (for both Type 3 and Type 4).
2. For impact studies, the challenge is to produce
skillful simulations of the change in the statistics
of the climate variables.
3. If the regional model can only reproduce the
current climatology (which itselff is a major
hurdle) what value do they have over and beyond
what is available from p
past climate events
(historical, recent paleo, worst case sequence of
observed events, and perturbation experiments
with reanalyses; e.g., +5% relative humidity)?

Pielke Sr.,, R.A.,, R. Wilby,
y, D. Niyogi,
y g , F. Hossain,,
K. Dairuku, J. Adegoke, , g , C. Wright, G.
Kallos, T. Seastedt, and K. Suding, 2011:
D li
Dealing
with
i h complexity
l i and
d extreme events
using a bottom‐up, resource‐based
vulnerability perspective
perspective. AGU Monograph on
Complexity and Extreme Events in
Geosciences, in press

1. As a necessary condition for an accurate prediction,
the multi‐decadal global climate model simulations
must include all first‐order climate forcings and
feedbacks However
feedbacks.
However, they do not [see for example:
NRC, 2005; Pielke Sr. et al., 2009].
2. These global multi‐decadal
2
multi decadal predictions are unable to
skillfully simulate major atmospheric circulation
features such the Pacific Decadal Oscillation [PDO], the
North
h Atlantic
l
Oscillation
ll
[[NAO],
] Ell Niño and
d La Niña,
and the South Asian
monsoon [Pielke Sr., 2010; Annamalai et al., 2007].

The parent global models inaccurately represent
critically important climate feedbacks; e
e.g.,
g Dreary
state of precipitation in global models,
Stephens et al.
al 2011 where they write

“…..these models produce precipitation approximately
twice as often as that observed and make rainfall far
too lightly ….This implies little skill in precipitation
calculated at individual grid points, and thus
applications involving downscaling of grid point
precipitation to yet even finer‐scale
finer scale resolution has
little foundation and relevance to the real Earth
system.”

3. While dynamic regional downscaling yield higher
spatial resolution,
resolution the regional climate models
are strongly dependent on the lateral boundary
conditions and interior nudging by their parent
global models [[e.g.,
g
g , see Rockel et al.,, 2008].
]
Large‐scale climate errors in the global models
are retained and could even be amplified by the
higher spatial resolution regional models.
4. Since as reported, the global multi‐decadal
climate model p
predictions cannot accurately
y
predict circulation features such as the PDO,
NAO, El Niño, and La Niña [Compo et al., 2011]
they cannot provide accurate lateral boundary
diti
d iinterior
t i nudging
d i
tto the
th regional
i
l
conditions
and
climate models.

5. The regional models themselves do not have the
domain scale (or two‐way
two way interaction) to skillfully
predict these larger‐scale atmospheric features.
6. There is also only one‐way interaction between
regional and global models which is not
physically consistent.
consistent If the regional model
significantly alters the atmospheric and/or ocean
circulations, there is no way for this information
to alter
l
the
h larger‐scale
l
l circulation
l
f
features
which
h h
are being fed into the regional model through the
lateral boundary conditions and nudging.

7. When higher spatial analyses of land use and other
forcings are considered in the regional domain, the
errors and
d uncertainty
i
f
from
the
h larger
l
model
d l still
ill
persists thus rendering the added complexity and
details ineffective [Ray et al. 2010; Mishra et al.
2010].
2010]
8. The lateral boundary conditions for input to regional
downscaling require regional‐scale
regional scale information from
a global forecast model. However the global model
does not have this regional‐scale information due to
its limited spatial resolution. This is, however, a
l i l paradox
logical
d
since
i
th
the regional
i
l model
d l needs
d
something that can only be acquired by a regional
model (or regional observations). Therefore, the
acquisition of lateral boundary conditions with the
needed spatial resolution becomes logically
impossible.

9. There finally, is sometimes an incorrect assumption that
although global climate models cannot predict future
climate change
g as an initial value p
problem,, they
y can
predict future climate statistics as a boundary value
problem [Palmer et al., 2008]. With respect to weather
patterns, for the downscaling regional (and global) models
to add value over and beyond what is available from the
historical, recent paleo‐record, and worse case sequence
of days, however, they must be able to skillfully predict
the changes in the regional weather statistics.
10. There is only value for predicting climate change,
however, if they could skillfully predict the changes in the
statistics of the weather and other aspects
p
of the climate
system. There is no evidence, however, that the model can
predict changes in these climate statistics even in
hindcast. As highlighted in Dessai et al. [2009] the finer
time‐space
and time
space based downscaled information can be
“misconstrued as accurate”, but the ability to get this
finer‐scale information does not necessarily translate into
increased confidence in the downscaled scenario [Wilby,
2010].
2010]

From Wilby,
Wilby R
R.L.
L and Fowler
Fowler, H
H.J.
J 2010
“…high
high‐resolution
resolution downscaling can be

misconstrued as accurate downscaling… In
other words, our ability to downscale to finer
time and space scales does not imply that our
confidence is any greater in the resulting
scenarios
scenarios”
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“….calls
calls for even greater investment in high
high‐resolution
resolution climate
modelling… – justified partly by more cost‐effective
adaptation strategies – require pause for thought.”
““The
h “top
“
down”,
d
” climate‐impact
l
framework
f
k is now ffirmly
l
enshrined in the psyche of the climate science community. It
is implicit in the order of the Working Groups of the
Intergovernmental
g
Panel on Climate Change
g (IPCC).”
(
)
“With no climate models to drive our adaptation thinking we
would have to approach risk and vulnerability from the
“bottom
regret reversible,
reversible
bottom up”
up . Measures that are low regret,
incorporate safety margins, employ ‘soft’ solutions, are
flexible, and deliver multiple co‐benefits would be our starting
p
point.”

`

What Is A Way Forward?
Outcome Vulnerability‐ Top‐Down Driven
Impact Assessments From the IPCC Models
or
Contextual Vulnerability – Bottom‐Up,
Resource‐Based Assessments
O’Brien
O
Brien 2007; Fussel 2009; Kabat et al
al. 2004

Key Resources






Water
Food
Energy
H
Human
health
h lh
Ecosystem function

Each sector is critical to societal well‐being. The vulnerability
concept requires the determination of the major threats to
these resources from extreme events including climate, but
l ffrom other
h sociall and
d environmentall pressures. After
f
also
these threats are identified for each resource, relative risks
can be compared in order to shape the preferred
mitigation/adaptation strategy.
strategy

1. Why is this resource important? How is it used? To what

stakeholders is it valuable?
2. What are the key environmental and social variables that
influence this resource?
3. What is the sensitivity of this resource to changes in each of
these key variables? ( This may include but y is not limited to,
to the
sensitivity of the resource to climate variations and change on short
(days); medium (seasons) and long (multi‐decadal) time scales).
4 What changes (thresholds) in these key variables would have to
4.
occur to result
in a negative (or positive) outcome for this resource?
5. What are the best estimates of the probabilities for these
changes to occur? What tools are available to quantify the effect of
these changes? Can these estimates be skillfully predicted?
6. What actions (adaptation/mitigation) can be undertaken in order
to minimize or eliminate the negative consequences of these
changes (or to optimize a positive response)?
7. What are specific recommendations for policymakers and other
stakeholders?
k h ld ?
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