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Downscaling Climate Data

* Downscaling climate data is a strategy for
generating locally relevant data from
General Circulation Models (GCMs).

* The overarching strategy is to connect
global scale projections and regional
dynamics to generate regionally specific
projections.

— Dynamic downscaling

— Statistical downscaling
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Dynamic downscaling

* Nesting a regional climate model into an
existing GCM.
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Statistical downscaling methods

* Regression approach

* Change factor approach (sensitivity
analysis)

* Stochastic weather generator
— Richardson type

* Bias correction spatial disaggregation
(BCSD) method

» Stochastic storm rainfall simulation, etc.
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Stochastic weather generators

* A weather generator is a statistical model
used to generate realistic daily sequences
of weather variables — precipitation,
maximum and minimum temperature,
humidity, etc.
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Richardson-type Weather Generator

* Precipitation is divided into an occurrence
process (i.e., whether the day is wet or dry)
modeled as a Markov chain, and an amount
process (the amount of precipitation on a
wet day) sampled randomly from an
appropriate distribution, such as a gamma
distribution.

* Widely applied in many regions and over a
range of climate impact sectors.

* Numerous publications in the scientific
literature. The earliest papers date from the
1960s.
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* Markov occurrence process
P(W W), P(D|W)

°(W D), P(D|D)
* Amount process

— 11D Exponential/gamma

01/13/2014 - 01/16/2014



25

Simuiated dats

§—8— @ Historica dat

20 —

I
]

Temperature
=]
1

i

Jam Feb Mar #Apr May Jun July Agu Sep Oct Nov Dem
Month

i JE AR 1

£
=]
1

Precipitation{cm/month)
5]
|

I I I I
Jan Feb Mar Apr May Jun July Agu Sep Oct Nov Dem
Month

i = 18 1K

Simuated data
§— 80— Hiztorical daes

20 —

o
|

Temperature
=]
]
-

0 T T T T T T T T T T 1
Jan Feb Mar Apr May Jum July Agu Sep Oct Mow Dem
Mon

Monthly avg temperature

Procipitation{cm/month)
1

o T T T T T T T T T T 711
Jan Feb Mar Apr May Jun July Agu Sep Oct Mow Dem
Mnnth

Monthly avg rainfall

Precipitation{cm/month)

Temperature

I I I I I I I I I I I I
Jan Feb Mar Apr May Jun July Agu Sep Oct Mow Dem
Maonth

o JE i =)

«-- The target data are daily temperatures and daily rainfalls. Thus, why were
the validations conducted using data of monthly scale (but not daily scale)?
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Based on the results of 100 simulation runs.
Historic data represent long-term averages of monthly temperature or precipitation.
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Concerns from hydrological perspective

* Identifying and characterizing rainfall events

— Rainfall occurrences are controlled by a
Markov process. However, daily rainfalls are
independently generated. That leads to
difficulties in defying storm events.

— Duration controlled by Markov process.

— Rainfalls of individual days of the same event are
independent.

— Storm-type-dependent rainfall characteristics

* Properties of occurrence frequency and
storm duration (storm-type dependent)
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Daily rainfalls of August

* Lag-1 correlation of observed daily rainfalls
(0.386)
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Daily rainfalls of August

* Lag-1 correlation of observed daily rainfalls
(0.547, without outliers)
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* Lag-1 correlation of WG simulated daily
rainfalls (~ 0)
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 Evaluation of event durations
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e Suggestions for usage of the Richardson
type daily rainfall weather generator

— Areas dominated by short-duration storms
(low lag-1 autocorrelation)

— Rainfall-runoff modeling

e Runoff volume (not the peak flow) is of major concern

* Larger watersheds with long (a few days) time-of-
concentration.

01/13/2014 - 01/16/2014
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grids.

Bias Correction Spatial

Disaggregation (BCSD) Method

* Bias corrections are performed on GCM

e Spatial disaggregation works are
conducted onto fine-scale grids.

01/13/2014 - 01/16/2014
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Statistical Downscaling
Bias Correction Spatial Diaggregation (BCSD) Method--Steps

Bias correction
* Regrid 1/8° observations and GCM outputs to 2° resolution

« Generate monthly cumulative distribution functions at 2°, for
(observations, the baseline GCM, and the future simulation)

 Quantile map the baseline GCM onto the observed data (note: this
preserves higher order statistics)

Forcing Bias-corrected forecast Forcing Observed
variable - o variable distribution _ -
(PT) 1 ) .
g ~~ Climate
model
- distribution
Time (months) Probability

Climate Research in Support of
Stakeholder Applications in the

Urban Northeast U.S.

Radley Horton
Columbia University / NASA GISS

April GloDecH Meeting .
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Statistical Downscaling
Bias Correction Spatial Disaggregation (BCSD) Method--Steps

Spatial Downscaling

1 Rank each future month based on baseline GCM CDF, then replace with observed
data as above

2 Generate factor field (temperature differences, precipitation ratios)
3 Interpolate these factors to 1/8°
4

Apply the downscaled factors to the observed 1/8° data (for temperature this is
addition; for precipitation this is multiplication

2.0
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of the factors
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Assessment of bias correction

| Without spatial downscaling

e Stochastic simulation
— Baseline period Xy ~ N (400, 100)
» Observation: X0; GCM: YO X, ~ N (450, 100)

— Projection period Y, ~ N (300, 80)

* Observation: X1; GCM: Y1 Y, ~ N (350, 80)

— Assuming Gaussian distributions with

different expected values and standard
deviances.

— Length of period (in years)

e 30, 50, 100 [effect of sample size and the asymptotic

property (using a large number of samples)]
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Empirical cumulative distribution
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Empirical cumulative distribution
functions (ECDFs)
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Empirical cumulative distribution
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A simplified Gaugssian random field simulation for assessment of spatial disaggregation

Let's consider two stafionary one-dimenstonal spatial random fields ( Z, and Z, ) having expected

values 4, and 1, , standard deviations 0, and ¢ ,and lag-1 autocorrelation coefficients p; and p;

for some climatic variable of the baseline and projection periods, respectively.

For the baseline and projection pertods, respectively, we have

Zy(s), s=12.....m.
B(Zy)= t Ls, Var(Z))=0; Ls
correl(Zy(s), Zy(s+1))=p;, Ls.

TCCIP International Workshop

on Climate Change

and

Z,(s), s=12,...,n
B(Z)=1t; Ls, Var(Z,)=0; Ls
correl(Z,(s), Z,(s+1))= p; 1s.
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Assuming AR(2) random processes for both Z; and Z, . Parameters of the two processes are sef as

follows:
X -p=h(Xy— 1)+ (X - )4 Baseline Period Projection Period
X, =(1-g-)u+@dX + X, +¢, mu= 300 mil= 360
X, =+ dX, + X, .+, phi0= 69 phi0= 64.5
¢ phil= 0.52 phil= 0.62
EX I =n= .y phi2= 0.25 phi2= 0.2
1~ 0
) §+d<l thol- 0.69333 rhol= 0.775
I U PR RS tod= 061053 [ | 06805
pl ] ? p,, ] 29 2 1
- ~¢ 1<, <1 sigmaEPS= | 50 sigma-EPS= 60
: ) = sigma-X=_ | 71.6605 sigma-X=_ | 96.9003
b a, ¥ 0,
o - ;. _1-9

&
l-ap~0p, 140, (4+a -1 -4-1)
Simulating two long sequences of Z, and Z, (say, length = 1000), respectively.

Fine grid: A =1, Coarse grid: A=11, 21, 31, 41.
\
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Autocorrelation function of the
baseline period data series
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Autocorrelation function of the
projection period data series

Fine-scale
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Resolution and variability

* Change of support in geostatistics
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Spatial covariance function

g/
Relationship between pomt-support and v-support variograms.

* Change in resolution is accompanied by
changes in local variability and spatial co-

| variability.
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Statistical Downscaling
Bias Correction Spatial Disaggregation (BCSD) Method--Steps

Spatial Downscaling

1 Rank each future month based on baseline GCM CDF, then replace with observed
data as above

2 Generate factor field (temperature differences, precipitation ratios)
3 Interpolate these factors to 1/8°
4

Apply the downscaled factors to the observed 1/8° data (for temperature this is
addition; for precipitation this is multiplication

of the factors
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Example 1

* Contours of the 100-year return period daily rainfall depth based on observed data
and high-resolution downscaled rainfalls.

25.0
24.5
24.0
23.5
23.0
22.5

22.0

e 1200 1205  121.0
Based on site observations Based on high-resolution downscaled rainfalls.

Contours exhibit higher degree of spatial
continuity.
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Remarks and suggestions

e Bias-correction

— BCSD method tends to under estimate high
quantiles.

e Spatial disaggregation

— BCSD method results reduce both the local and the
spatial variabilities.

» Useful for assessment of long term climatology

* Caution should be exercised when assessing
changes in extremes.

é 08/22/2013 2013 AsiaFlux, HESSS, GCEER, KSAFM Joint Conference 37
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Thanks for your attention.

é 08/22/2013 2013 AsiaFlux, HESSS, GCEER, KSAFM Joint Conference
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Regression approach

* The general strategy of these methods is
to establish the relationship between
large scale variables, such as the driving
factors derived from GCMs, to local level
climate conditions. Once these
relationships have been developed for
existing conditions, they can be used to
predict what might happen under the
different conditions indicated by GCMs.
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Stochastic weather generators

* A weather generator is a statistical model
used to generate realistic daily sequences
of weather variables — precipitation,
maximum and minimum temperature,
humidity, etc.
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Implementation of BCSD

¥ L »
Fine grid
— =T Coarse grid
-‘-‘-‘-\-‘-"—\_
4
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N - 4

Z, : Climatic variable measurements of the baseline period in fine-grid scale
[ Z, measurements are available at each individual fine grid.]

X, : Climatic variable measurements of the baseline period in coarse-grid scale

Y, ¢ Climatic variable GCM outputs of the baseline period in coarse-grid scale

Z, . Climatic variable measurements of the projection period in fine-grid scale

X, : Climatic variable measurements of the projection period in coarse-grid scale

Y, Climatic variable GCM outputs of the projection period in coarse-grid scale

TCCIP International Workshop 01/13/2014 - 01/16/2014
on Climate Ehange
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|
E Bias correction at point
\ A in coarse-grid scale
1

X, X
X, (A4 . : .
q(d)=ry(4d)= ;((;} — Spatial interpolationof 7y
0

in fine-grid interval = r,(B) = Z,(B)x ry(B) = z,(B)

TCCIP International Workshop
on Climate Change

Bias correction
without downscaling

A

Spatial disaggregation
with downscaling

v

* BCSD performance assessment using a
stochastic simulation approach
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