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Climate prediction framework
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Temporal scale of GCMs

» Temporal scales in climate forecasts

* Predictable signal of seasonal climate

e Surface ocean and land condition on longer scales
(monthly — seasonal)

= Short time scales
 Dominated by atmospheric “weather noise”

» APCC Multiple Models Ensemble (MME)
" 6-month forecasts at monthly time step

> Need of accurate sub-daily or daily climate
information

= Agricultural or hydrologic applications




Temporal disaggregation

» Temporal scale

problem
Hourly data
Easy l Very difficult
: (H=f(D))
Daily data
Easy l More difficult
(D=f(M))
Monthly data
Easy l Difficult
(M=f(A))
Annual data

copyright@Jung (2013)
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Spatial scale

» Spatial scale in climate forecasts
" Horizontal resolution 100 to 300 km

Precipitation for July-September 2015 Temperature at 2m for July-September 2015

| Probability fields are displayed l -] Probability fields are displayed [
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A GCM resolution
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Spatial resolution issue
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Spatial resolution issue
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Spatial resolution issue
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Spatial resolution issue
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The gap between climate predictions and

regional applications (1)

» Spatial scale problem

Observed precipitation Perfect GCM Perfect GCM
(10 X 10km) (20 X 20km) (40 X 40km)
123 [4]2]9][5 |10
5146 |702]7]6 |1t : 5 5 8
101010 119 [11]6 [14 8.25 8.25
13|[15[16|15]| 4 |12| 8 |16 L 13 9 1
6 |11|10]|5]|1|2]8]5 » »
9 29 12|12[18]13] 6 / 9 7 8
w0[7]3]1w0f10]15]15] 6 7.75 8.75
3|12(14|1]0[9]8][7 8 7 11 9
(1+42+5+4)/4 =3 (1+2+5+4+3+4+6+7+10+10+
10+11+13+15+16+15)/16 =
8.25
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The gap between climate predictions and

regional applications (2)

Perfect GCM (20 X 20km)
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Spatial
disaggregation

Perfect GCM (40 X 40km)
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Spatial
disaggregation
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Potential impacts of systematic bias (1)

» Warm bias in winter temperature

A
Winter Summer

Bias =0°CB

ias=3°C
/\Q_'
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Potential impacts of systematic bias (2)

» Cold bias in winter temperature

A
Bias = -5°C

jas =-3°C

SWE

Bias = 0°C

Discharge
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Numerical weather prediction models

» Physical
" parameterization

19 1?20

variables

1) Incoming Solar Radiation 12) Topography
2) Scattering by Aerosols and Molecules 13) Evaporation
3) Absorption by the Atmosphere 14) Vegetation
4) Reflection/Absorption by Clouds 15) Soil Properties
5) Emission of Longwave Radiation from 16} Rain (Cooling)
Earth's Surface 17) Surface Roughness
8) Condensation 18) Sensible Heat Flux
7) Turbulence 19) Deep Convection (Warming)
8) Reflection/Absorption at Earth's Surface 20) Emission of Longwave
8) Snow Radiation from Clouds
10) Soil Water/Snow Melt

11) Snowllce/Water Cover N
EThe COMET Program




Difference in climate models

© David Payne @ flickr e




GCMis limitations

Regional applications

Climate models ]
require...

9&’ Change (%) from 1961-90 to 2070-99, DJF, BAU

IMATE CENTER



Needs & Options to use GCM’s information

» Downscaling

Lotitude

e

= '/@ --*"""'O'b"tié_r'p,s

1(;'_5-"" = ' V .
/ /N eeds Down_sc?hng by
y _ _ statistical or
/0 & To increase resolu'_uon, dynamical
4 uniformise, provide
methods..

£
£ Problem high resolution and
4

Even the most contextualised data

precise GCM is
too coarse
(~100km)
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Downscaling
GCM Resolution
e.g. HADCM2 2. 50 x 3.750
A
D ,j Regional Climate Model
g Resolution e.g. 50km
D |
£
|
Hydrology
N
G 0% Vegetation
= -
V é \‘-‘\vﬁ Topography
A 5
Social Systems
L
U
EVY
Source: ORASECOM 2010

Downscaling techniques try
to adapt the coarse global
model output to the local

features of a given region.
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Statistical Background
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Sources of Uncertainty

» Randomness (uncontrollable)

" Inherent unexplainable variability of nature
» Lack of information/understanding

" Parameter uncertainty

" Modeling uncertainty

= Sampling uncertainty (# data uncertainty)
» Error/inaccuracy

= Data uncertainty

® Operational uncertainty

,,,,,,




Statistics and Probability

> Statistics VS Probability
> Statistics

* Methods for drawing inferences about the
properties of a population based on the
properties of a sample from that population

» Probability

= Methods for calculating the likelihood of an event
given known population characteristics

,,,,,,




Random Variable and Random Events

> Random variable

" A mathematical vehicle for representing an event
in an analytical form

= Equally likely
> Random events

" Mapped into the real line through the random
variable X




Random Variable and Random Events

E;=(@a<X<b)

E, = (c <X <d) S
A PN
ElEz - (C < X S b) aLValuesocthe Zalline,xjf

ETVE, =X <a)+ (X >d)




Population VS Sample

» Population

= All characteristic values from all elements
> Sample

= A part of population

" A source of systematic error in statistics
>uvs X

>0 VS S




Probability

» Statistics VS Probability
" From population ?
» Probability VS Likelihood

» Probability
" Prob(A)=n_/n

=" Prob(A)=lim fa

n-oo n




Probability

> A measure of how likely an event will occur

» A number expressing the ratio of favorable
outcome to the all possible outcomes

» Probability is usually represented as P(.)

= P (getting a club from a deck of playing cards) =13/52=0.25=25%
= P (getting a 3 after rolling a dice) =1/6

EEEEEEEEEEEEEE
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Coin flip

1
0.9 Probability of getting a "head”
0.8 from a coin flipping experiment
0.7 1
' i 0.6
g 0.5 v 'W' e
o 04 -
0.3 1
D2
0.1 -
0 . r | : r
0 50 100 150 200 250
Number of trials .




Axioms of Probability

> P(S) =1
»0<P(A)<1
> P(AUB) = P(A) + P(B)
" if A & B are mutually exclusive
" Independent VS mutually exclusive

> P(AUB) = P(A) + P(B)-P(A NB)
> P(AUBUC) = ?




Probability Mass/Density Functions (PMF/PDF)

Px(x)1
» Random variable X | ‘ |
|
u Xl’ XZ"" ’Xl’l Fx(x)) - o
> fx(xi) = Fx(x;) — Fx(x;_1) I__'_I_I_‘
> dPX(X)=pX (x) dx Area=1.0 N




Cumulative Mass/Density Functions (CMF/CDF)
» FX(x) — inSx fX(xi)

»>Py(x) =Pr(X<x) = ffoo px(t)dt

PX(X;)"

PMF




Probability Concept for Continuous R.V.
»Pr(a < x<b)= [ px(t)dt=Px(h)— Py(a)

» Pr(x=d)=?

A1 = probix<a) L /I
= prob{a<x<b)
= prob{x>b)

0.8

0.6 Prob(x>b)

Prob(a<x<b)

¢ Prob(x<a)




Gaussian or normal distribution

» Most widely used
> 2 parameter distribution




p (X) +

Ay M2 Hs r
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68-95-99.7 law

> N(u, o)
" Cover 68 % of all data betweenuy —ocand u+ o

" Cover 95 % of all data between u — 20 and u +
20

" Cover 99.7 % of all data between u — 30 and u +
30

ety




Exponential Distribution

» Probability distribution function

= py(x) = e = fr(t: 1) for x>0
» Population parameters

* Mean=E[X]=1/ 1

» Variance=Var[X]=1/ A?

= Skewness=2

> Parameter estimates

lA:l

=i |

» Special case of the gamma distribution (n = 1)......

.
i 3
thseneses
Tireini

e
e
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Example

> Find the maximum likelihood estimator for the

parameter A of the distribution p, (x)= Ae=** for
X>0

= L(A)=][T~, Ae 4 = AMe—ALxi
" |(A)=InL(A)=nIn(4)- 1 ¥ x;

pppppp




Exponential Distribution

PDF and CDF of the exponential distribution




Gamma distribution (1)

> Probability distribution of the time to the nth
occurrence, which is the sum of n independent
rv. T,+T,+..+T_ from the exponential distribution

= Waiting time of nt" occurrence
» Probability distribution function

Anxn—le—lx
r'm)

I'(m) is the gamma function having the properties

" . (x) = X,n,A>0

M=(m—-1) For =123, ... )
m+1)=mnl(n) For >0

F(m)= [ " 'e'dt For m>0

M =rR)=ur=v= | aeccumaTe centen




Gamma distribution (2)

|

E(X) =
Var( ')=;:I
> Elx 2 x‘r) 1 —Ax dx=—— xe™ —Ax dx
[ ] f F(T’) _________ 4__ _1 ___________ F-C'J)-:[i
AT T(n+1) ipoo AT - ’

C(n) Amt1 Y0 T'(n+1) PA




Gamma distribution (3)

set.sead(600)

¥ <- rgamma(500,shape=1,scale=1)
plot(density(x))

¥ <- rgamma(500,shape=2,scale=1)
Tines(density(x),col="red")

X <- rgamma(500,shape=3,s5cale=1)
Tines (density(x),col="blue")

SV NN W Y Y

density.default(x = x)

Density
04 05 06
I

03

02

0.1

00
|

T T T T T T T
0 1 2 3 4 5 6

N =500 Bandwidth=0.1981
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Extreme Value (EV) Family

> The extreme value of a set of r.v. is also random

» The pdf of extreme value r.v. in general depends
on the sample size and the parent distribution
" Y: largest from X
= P,(y) = Prob(Y < y) = Prob(all X < y)
= |f x ~iid
* Prob(X,<y)* Prob(X,<y)*...*Prob(X <y)=[Px(y)]"




EV distributions

Type Extreme Value Parent Distribution
normal, lognormal, exponential,
largest
Type | gamma
smallest normal
Type Il largest or smallest Cauchy
largest beta
Type Il beta, lognormal, exponential,
smallest
gamma
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Extreme Value Type | (Gumbel)

> PDF

= fx(x) = %exp [—% — exp (_ ﬁ)]

a
e a:scale parameter

» &:location parameter

> CDF

= Fx(x) = exp [— exp (_ ﬁ)]

(04




Extreme Value Type | (Gumbel)

> Parameter estimation
= Method of moments

o« 4 =

Sx\/g

T

= 0.7797sy
X —0.5772&

¢ 4 =

X4




Quantile or Percentile

>Py(x,) =1-p=1-_

" p: Exceedance probability

AB LE 18.3.1 Alternative Plotting Positions and their Motivation*

l1—a —
[ | p —_— Formula a T, Motivation
n + b E 0 n+1 Unbiased exceedance probabilities
ntl for all distributions
i—0.3175 ” p—_
— 0.3175 1.47n+0.5  Median exceedance probabilities
n+0.365 for all distributions
i—0.35 .
= ~0.35 1.54n Used with PWMs [Eq. (18.1.13)]
i—3/8 . .
—— 0.375 1.60n + 0.4 Unbiased normal quantiles
n+1/4
i—0.40 . . .
m 0.40 1.67n+ 0.3 Approximately quantile-unbiased
i—0.44 - e
—_— 0.44 1.79n + 0.2  Optimized for Gumbel distribution
n+0.12
i—0.5 .. .
- 0.50 2n A traditional choice

" Here g is the plotting-position parameter in Eq. (18.3.6) and 7, is the return period each plotting
on assigns to the largest observation in a sample of size n, g
._ -For"=|andh,theexactvaluei5q.=- 1—g,=1—0.5"", CLIMATE CENTER '.A';:;:




EQTIL (IMSL) & quantile() in R

»Q(p) =1 —flxj+ fxjq
= j=intlp(n+1)],f =pn+1)—j

1 = {Q—(1+j)xj+jxj+1}
(M+1)(xj1—xj)

» Examples...
= With Excel
= PERCENTILE.EXC (MS office 2010)




Quantile-Quantile (Q-Q) plot

» Graphical method

= Two probability distributions

Ly

Pt
T

=
I

Normal data quantiles
|
= =

I
td

-2 -1 0 1 2

Normal theoretical quantiles

3

> X<—-rnorm{100, mean
= gqqnormx)
= ggline(x)

Normal @-Q Plot

0,

sd

1)

Aues



Statistical Downscaling
Methods
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Downscaling techniques

Emission Scenarios

Global
Predictions

— L]
4 —AB
=== AT
— A2

Bl
— B2
1592a i 5
1592 Modsl ensemble & 2
15920

Forcing (Wm-2)

1800 1900 2000

Dynamical Downscaling runs regi-
onal climate models in reduced
domains with bounaary conditions
given by the GCMs.

A2

A2

i . gl : Pl
JL;,{L:}%%TE#.

= Y =f(X;6) =

SR
%

Different tecniques

Statistical Downscaling is based on
empirical models fitted fo data using :
historical records. -

APEC CLIMATE CENTER
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Downscaling techniques

General classes of downscaling
Local climate = f (larger scale predictors) + locally forced variance

}

Dynamical
Two approaches

y y

}

Empirical-statistical
Three main classes

RCM Hi-res GCM

|

Perturbed observed

Weather Generators

Transfer Functions

Index / analogues

l

v

l

Trained on long term
time series and atmos-
pheric re-analysis data

Conditioned by GCM
parameters to capture
low frequency variance

Trained on time series
that spans range of
variability, and atmos-
pheric re-analysis data

Residual local scale
variance added
stochastically

Requires long term
data sets and uses
weather typing or

historical analogues

Source:
Bruce Hewitson
(CSAQG)
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Pros and cons

» Dynamical and Statistical Downscaling

Vet | D

» Easy and efficient to apply
» Fine resolution

Statistical < Able to directly incorporate
observations into method .
* Apply to all GCMs
» Physical-based process :
e Produce numerous variables .
Dynamical + Subdaily data available

» Providing climate information
at un-gauged points

Reference: Cooney, 2012, Downscaling Climate Models: Sharpening the Focus on Local-Level Changes, £nviron Health
Perspect 120:a22-a28

Needs a reliable long-term
observed data

Does not account for non-
stationarity in the predictor-
predictand and relationship
Affected by biases in underlying
GCM

Dependent on choice of predictors

Computationally intensive
Limited resolution (25-50km)
Dependent on RCM
parameterization

Considerable internal-variability
(systematic bias)

APEC CLIMATE CENT




Weather Generator (WG)

Observed Statistical
climate data climate
(at a location) parameters




Weather Generator (WG)

» K-nearest neighbor (K-NN) WG

Collecting historical data

e (Dec15/1976
P LA R > ) Dec15/1977
Jan16/2015
L=(k+1) x N-1days
15th 1st 16th

EEEEEEEEEEEEEE




K-NN WG

> Mahalanobis distance for all candidates

d, =[x =X o () - %)

» Sorting the Mahalanobis distances d, from the
smallest to the largest

> Generate random number and determine the
nearest neighbor using discrete probability
distribution

Wy

i=1

_ S0 Py =2 W
i=1

Yates et al. (2003) Sharif and Burn (2006)




K-NN WG

» Estimate a conditional standard deviation o for K
nearest neighbors, and bandwidth A. Then, use
the perturbation process.

Vi =x}+clz,  A=1060KY® A, =x!/1550!

> Repeat previous steps to produce time series as
long as users want

o
EEEEEEEEEEEEEEEEE




Climate Change Impact A Using K-Ni
Meighbor Weather Generator: Case Study of the Nakdong
River Basin in Korea
Hyung-8 Eum; Slobdan P Simonovic, MASCE®; and Yourg-Oh Kim, MASCE®

manod] midl. The Sbaong: Kivee R i Kiros i woesh i T 2 kel the VEnbles
5 el o

CE Distabwne subjoct hewdings: Chme chasge: Suresmiion; Cne wmabe. Kove. S

usthor karymorde: st graersis; Cima change: Sosmon

Table 1. Variable Combinations for the WG Models
WG models WG-5Var WG-4Var WG-3Var WG-2Var
Variables Precipitation, temperature, Precipitation, temperature, Precipitation, temperature, Precipitation, temperature

relative humidity, wind speed,
sea level pressure

relative humidity, wind speed

relative humidity

Table 2. Median Absolute Bias of Four WG Models

Fasgr of oemssistom, (Mcbeirs snd Shatma JEK Vise wd
N I e B suls Sremce betwrs otne:

Youngju Gumi Jinju
Precipitation Temperature Precipitation Temperature Precipitation Temperature *@-
WG models (mm) (°C) (mm) (°C) (mm) (°C)
WG-2Var 10.10 0.18 7.12 0.10 9.84 0.23
WG-3Var 8.77 0.13 6.41° 0.18 9.54 0.09
WG-4Var 14.19 0.19 11.42 0.17 16.14 0.17
WG-5Var 12.36 0.19 8.09 0.17 14.70 0.17

“Best performance (lower number represents the better performance).

1000 -
800 -
700 -

600 -

400 |

Precipitation (mm)
5
S
I

200 -

(a) WG-3Var

012 24 36 48km

Fig. 1. Nakdong River Basin, Korea
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K-NN WG under Climate Change

GCM data GCM data
(Historical period) (Future period)

Calculate differenfes for me = Pyio X Pyoita

each month & variable —

/
_____ -’ Tfu.t. = This + Taeita
Observation Modified
(Historical period) — Observation
: (Future period)

v \

K-NN WG
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K-NN WG under Climate Change

» Modify observations with climate signals of
GCMs

Table 3. Difference in Precipitation between the Historic and the Bl Table 4. Difference in Temperature between the Historic and the Bl
Climate Change Scenario Climate Change Scenario
I CSIRO GFDL | I | CSIRO |GFDL |
Month ]| mk3.0 pem2.1 | MIROC3 § ECHAMS CCSM3 Month | mk30 gEm21 JMIROC3 JECHAMS CCSM3
janwary 1 —0147 1 0231 o3 1 —osm 0.391 January 1 042 lige ¥ o2 1 om 0.57
o Yo I
February 3 —0004 1 o0o0so 1 o051 1 o584 0.195 February 054 Toso 137 1 138 1.16
Yo | I
March | 0042 ;001 0358 : 0.009 0.125 March | 054 119 166 : 0.65 0.92
April | 0031 0280 0791 p 1025 —0.121 April | 040 103 | 153 029 0.90
May I —0306 § 00301 055 | 0154 0.100 May I 043 LI5S 1 141 | 037 0.65
June I o178 | 04671 1473 | —0.743 0.287 June I 054 jqoss 1 171 | o068 1.27
July I oo0t6 I-on7l 0143 1 0564  —0019 July I os6 Boos 1 133 1 o060 1.40
August : —0s04 1 oose ] ogos 1 —o3s7 0.560 August : 018 1 101 : 158 1 o080 0.86
September | —0433 I 0321 ] 025 I o030 0.434 September | 0.16 I o5 j 1 I ose 1.29
October ~ y —0.562 '—D._ml —0.185 : -0.145  —0.320 October 0:09 :1.03 j 178 : 0.24 1.34
November | —0.121 | 0126 0136 =~ —035 0.105 November | 006 066 | 153 | 012 1.19
December | —0.054 | 0217 | —0.140 § 0358 0.488 December | 072 084 | 174 | L4 0.87
Sumof 1 —2016 § 07721 4416 | 0803 2.233 Average 1 039 p1ro3 1 166 | 064 1.03
differences |____| l____' Note: Unit: W o s s | | I |

Note: Unit: mm/day.
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K-NN WG under Climate Change

— Hidorlc —— Hisnidc
- CSRO mk 10 0.06 4 .f"" - - CSIRO mk 30
mmen MIROO mmmm MIFDC3

rainfall
mm)

1200

e Histryrica|
1000

=== (5IRO([WG)

— - MIRDC(WG)
800

—+ - MIRDC[WG-PCA) -

*
- 4= (SIRO(WG-PCA) 9/
#

Precipitation (mmy/month)
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Statistical downscaling techniques

» Perfect Prognosis (PP)

Perfect Prog Development Perfect Prog Implementation

Predictor
(derived from observed
weather elements and

climate data)
— et Perfect Prog
. Statistical e Model FOrecast e Forscast
Predictand i
{derived from observed Mote that PP uses t
weather elements) model data only in the
implementation of Verification
the statistical

relationships.

The COMET Program

Source: http.;/www.met.tamu.edu/class/metr452/models/2001/output. html#Statistical »x cume ceven |
Weather Forecasting




Perfect Prognosis (PP)

Present Climate Future
A A
-~ ~y

1960 1970 1980 1990 | 2000 | 2010 2020 2030 2070 2080 | 2090

Observations

South K, 20km PreCip

Precip = 0.8 MSLP + 1.2 Q850

Statistical model

SDM

GCMreanal.

ERA40, 250km MSLP, Q850, etc.

« Assumption 1: Reanalysis choice
« Assumption 2: Choosing consistent predictors:ill

 Assumption 3: Stationarity/robustness: SDM#E SDM &
Precip = 0.8 MSLP + 1.2 Q850 Precip = 0.8 MSLP + 1.2 Q850

Projections
South K, 20km

e fffooosow £ 1] som |

GCM scen.
AR5 ~250km

Control scenario: 20c3m



Model Output Statistics (MOS)

MOS Development MOS Implementation

Predictor
(derived from observed
weather elements,
model forecasts, and
climate data)

Perfect Prog
Forecast

Statistical e odel Forecast |-

Predictand
(derived from observed
weather elements)

-*IIIIII

Mote that MOS uses
model data in both the
development and Verification
implementation of the
siatistical relaticnships.

The COMET Program

Source: http.;/www.met.tamu.edu/class/metr452/models/2007/output. html#Statistical
Weather Forecasting sezumscesiil




MOS

Present Climate Future
AL ~ _A

~
1960 1970 1980 1990 | 2000 | 2010 2020 2030 2070 2080 | 2090

Precip = 0.8 PPT+ 1.2 O850

Observations
South K, 20km

GCM1lscen.
AR5 ~100km

GCM2scen.
AR5 ~150km

GCMn scen.
AR5 ~250km

: Precip = 0.9 SLP+ 2.1 SST

Control scenario: 20c3m RCP4.5
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MOS

» Predictors

= From the global (or regional) model for both
training and downscaling phases

» Need the model output
» Day-to-day correspondence with observations

» These methods can work with the variable
of interest as predictor

» Local precipitation can be derived from the
direct model precipitation forecasts

ey




- .
MOS models

» Most popular
= Bias Correction/Spatial Disaggregation (BCSD)

= Bias Correction/Constructed Analogs (BCCA)

. m E— |
NASA Earth Exchange Global Daily Downscaled Downscaled CMIP3 and CMIPS5 climate and
Projections (NEX-GDDP) hydrology projections (DCHP)
» BCSD » BCSD & BCCA
= 1950 through 2100 at 0.25 degrees (~25 km x 25 = 1950-2099 at 1/8° (~12km)

km) RS e T

* 21 GCMs X 2RCPs L .

e NE)(
v Dawnscaled Climate Project

of 4

_ “ http://gdo-

5| depuuclinl.org/dow

nscaled_cmip_proj

ections/deplnterfa =

ce.htmli#Welcame.. ... f,;:
%
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Model error

> Error
= Systematic

e Bias
= Random

* EX: measurement errors

> Bias correction




Bias-correction

40

35

iZ;\M/\VM v e

20

——OQObserved

—Simulated

15

10

0 rrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrTrrTrrTrrT T T T rrTrrrrrororod

1 4 7 10 13 16 19 22 25 28 31 34 37 40 43 46 49 52 55 58 61 64 67 70 73 76 79 82 85 88 91
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Bias Correction/Spatial Disaggregation (BCSD)

» Statistical bias correction of GCM simulations

" Quantile mapping
» Spatial downscaling to fine scale (i.e. stations)
» Temporal disaggregation from monthly to daily

bias-corrected forecast variable derived from station obs.

obs. distrib. ...

SA

“climate

forcing
variable (P, T)
month M forcing
variable (P, T)

" model
distrib.
time (months) percentile
climate model forecast output from climate model climatology

Source: Wood et al 2006, BAMS




Bias Correction/Spatial Disaggregation (BCSD)

> Bias-correction: Quantile mapping
= Monthly data set at large grid points (e.g. GCM

points)
Zi(t) = Fops [Fnl?; (O}
Target CDF(Observation) Original CDF(Simulation)
12 | | ! T
% 10 —— é
S 1.
= =
rl
Eo 0
S
% 0.
'E' 0.
Z ;

- 0 200 400 600 200 0 200 400 600 800
Precipitation (mm) Precipitation (mm)




Bias Correction/Spatial Disaggregation (BCSD)

> Bias correction

» Spatial downscaling

» Temporal downscaling

Gridded observation
data
(historical period)

Aggregate observation

s data to GCM scale

(historical period)

Create CDFs of observatio

GCM data n and GCM and quantile
(historical period) map
Apply the developed
GCM data guantile mapping to
(Future period) future GCM data

Monthly scale

—>

Calculate changing factor
using bias-corrected his.
GCM and fut. GCM

¥

Disaggregate the changing
factor to observation scale
(i.e. interpolation)

v

Temporal disaggregation
by applying changing fact
or to daily time scales
/

> Daily scale
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Daily BCSD (1)

> Spatial disaggregation
" |nterpolating daily GCM output to finer grid points
» Bias correction

= Quantile mapping

e Sample distribution of £15-day moving window
> No need of temporal disaggregation
» Values out of historical range
" Gumbel for precipitation

" Normal distribution for temperature




-
Daily BCSD (2)

aM QoM aMm

Target Target CDF(Observation) Original CDF(Simulation) Target CDF(Observation) Original CDF(Simulation)
2 82 12

F -z

Con v 0o
0 mw w0 600 w00 ] 100

Precipitation (mm) Precipitation (mm)

Cumulative Density Function

Cumulative Density Function

Cumulative Density Funetion

Cumulative Density Function
-l
)
E5
g
Cumulative Density Funetion

(------------------)

7 N
|
|
y
|
¥
| |
|
\ 4

15th 1eth 1st  2nd 16th 17th N-15th N N+15th
Dec Dec Jan Jan Jan Jan
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BCCA (1)

I) NEW PATTERN AT CCARSE- Il) FITTING THE ANALOGUE (DIAGNOSIS]): I DOWMNMSCALING THE PATTERMN

RESOLUTION:

(PROGNOSIS):

A subset of patterns from a historical library is selected as
A newn pattern obained from a coarse contributions © a constructed analogue of Z_,, based on
spatial similarity evaluated atthe 2.5 x 2.5 degree
resalution

resolution source, but the corres ponding
high-resclution (downscaled) pattern is
unknown

Pattern Zuts

2.5 x 2.5 degree

A linear combination of the predictor patterns
produces a leastsquares (constructed) analogue
of Z_,_ at25 x 2.5 degree resolution

A

y Jattern Z
]

orbs
ﬂ anslogues n i
-~ analogues 4

- Znn:lﬂ;.u: - |
ralog 2
A a E ues

analogues 1

- == . .
Z e = Planstogues 1~ anatogues 1 T Panstoguss T~ Lansloone: 2
ot ‘:‘analogms n Canalogues n
W tere A:nabgue: 1 Aamla-gw_-s . e 'H'analngu-es n are regressor

coefficients

Synchronous patterns

1/8 x 1/8 degree
N L |

Lt
The downscaled pattern (P, ... .1 is obtained
by applying the stame regres=ion ceefficients to

ArEveiees the higi-resolution patterrs:

I:’.'-ma ogues 1

1
The high-resclution patterns for the same days as the B eyt Earnkaies 3 = B crm . Enmaloryasin
coarse predictor patterns are also gathered

P gownscated = Manulogues
4 ok

Source: Hidalgo et al. (2008)
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BCCA (2)

Library of OBS coarse patterns
(+/- 45 day window, all years)

GCM target coarse pattern
(1 day, 1 year)

TN FLOE FUEO PO T

T
.
v
v
¥

L

e e
B EEEEL
e EEL e
795 prauawan
nen R
. ‘TR D
Z OBS
Z GCM n
Corresponding fine OBS patterns Downscaled GCM target pattern
from N best coarse OBS patterns (1 day, 1 year)
IR
e
EEEE )
ad
L L
‘ae
Y OBS Y GCM

n
Source: http://climate.northwestknowledge.net/MACA/MACAmethod.php
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What if does a long-term trend exist?

» QM Equation
= Extrapolation required @ h

Inflation by
e Gumbel distribution for PRCP ‘ frequent
extrapolation

 Normal for temperature (i.e. TMAX, TMIN) { Y

{a) GCM-projected relative change 2080s (b) QM relative change bias 2080s
(=T o ]
- B PRCPTOT — -
. O R95PTOT '
© i @ RO9PTOT @ :

% . B RX1DAY e N

= © - | 1 - B RX5DAY % 0 - T

= ' i = -

Y - : i 2 - , i

g ¥ : TT- 5 SRR

p=4 ] . ! "

2 o T+ T 2 o P! i,

&) i — — __— $ E .% | i
o BmedTTT [ [Totasts | & _¢¢¢éTiTTTéi$éé$
Y A Y :

17 1T "7 17T 17T 1T 1T 17T T T T T T°1 17T 17 17T 17T 177 7T T T T T T T°1
OSS8SS8S=08SS853 SSSO8SS8S=855853
QOO WNOWNNOWNW CnNONNONWOWNNO VW
TUOEFWOTWOEWOTWO CUOZWOETWOZWOEWO
S cgP=SgP=59=59=5° =59=89=c9=c°=c°
& & & & & & & & Qo Qo

Source: Cannon et al. (2015)
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What if does a long-term trend exist?

» BCCA

" Hard to find similar weather patterns from
historical data

= Not reliable climate projections

-
i I
GCM target coarse pattern : Library of OBS coarse patterns I Few
(1 day, 1 year) I (+/- 45 day window, all years) : analogs
| T I similar to
e R EEEE.
i Sp e T T W T future
| pCaeoese : ;
FOBS Gl AN E | spatial
17 AN NTaE | structure
I ‘ANAWID .
| OBS I
i ZH 1
1
i
U o e o e -




Detrended quantile mapping (DQM)

» Account for changes in the projected values

= Removing the modelled trend in the long-term
mean

" Reimposing it after QM
fmp(t) =F,, (Fm_h (f“""x’”"’ J )) Inp(t)

fm.h

Xm.p(1)

Future
differences -

preserved

50 0 10 20 30 40 0 10 20 30 40
TMAX (*C) :
Raw GCM After Epoch After Bias
Data Adjustment Correction .

Source: http.//climate.northwestknowledge.net/MACA/MACAmethod.php




Quantile Delta Mapping (QDM)

» Preserving model-projected relative changes in
qguantiles

» Correcting systematic biases in quantiles
» Step 1: Calculate percentile from modelled CDF

Tm,p(t) = Fm,p{xm,p (t)}

> Step 2: Relative change in quantiles between
historic and future

_ Enpltmp ()
s SN O)




Quantile Delta Mapping (QDM)

» Step 3: Bias-correction from observed values

xo m,h: p(t) — 1o h{Tmp(t)}

> Step 4: Applying he relative change (Step 2) to
bias-corrected value in (Step 3)

J/C\m,p (t) = fo:m,h:p (t) A

i e
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Quantile Delta Mapping (QDM)

Step 1-2 Step 3-4

60 | i + + - + 60
! %
55T i Am,k ' 'X;n,p i 551 xo,k
]
r e 50
e | T(1)=0.99 .
45{T=0.99 | mp quantile .t 4517=0.99
m,h | \ X . . o,h
0 % D ° I o 40T quantile
E w 35t
A
—1 5 X (1)
IS % 307 mp @ A(r‘)=1.28 i
O 8 25t o . { m |
S o ol . _
i | pa -
i i 15t (T -
| i
107 ! ! 10t m
1 [
5t | o 5t i
] . | H
0 n ! : L L n I: I I 0 1 L N 1 " r N
1950 1980 2000 2020 2040 2060 2080 2100 1950 1980 2000 2020 2040 2060 2080 2100
Year Year

Source: Cannon et al. (2015)
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SDMs

BCSD BCCA
[ Removing long—term )
trend and
Spatial disaggregation Bias—correction by
i (ID\?VQ)l ° . QM, QDM, and DQM

: S —

BCCA algorithm
Bias correction by QM,
QDM, and DQM X \1, )
¢ 4 N
[ ) Reimposing the long—
SD/QM term trend
SD/QDM
SD/DQM - \1' g
Bias correction
(QM/CA
DQM/CA

QDM/CA) | APEC CLIMATE CENTER




Summary

» Dynamical VS Statistical
= Simple and efficient
= Stationarity
» Basic statistics
= Normal, Gamma, and EV distributions
= Quantile
» PP VS MOS techniques
= Weather generator

= MOS models
e BCSD; BCCA

" Long-term trend preserving methods




APCC
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