
APCC Training Program on 
“Generation of regional climate data derived 

from statistical downscaling techniques”

Hyung-Il Eum
APEC Climate Center (APCC)



Statistical Downscaling Methods: 

Hyung-Il Eum
APEC Climate Center (APCC)



Contents

Why do we need downscaling?
Dynamical VS Statistical downscaling 
 Pros and cons

Statistical background
 Probability distribution
 Quantile (Percentile)

Statistical downscaling methods
 Perfect Prognosis (PP) 
 Model Output Statistics (MOS)
 Long-term trend preserving methods



Why?



Climate prediction framework



Temporal scale of GCMs

Temporal scales in climate forecasts
 Predictable signal of seasonal climate

• 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 (Aug. 2, 1999 –
Aug. 5, 1999)

Hourly data

Daily data

Monthly data

Annual data

Easy Very difficult 
(H=f(D))

Easy More difficult
(D=f(M))

Easy Difficult 
(M=f(A))
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Daily (Jan. 1, 1999 –
Dec. 31, 1999)

Monthly (Jan. 1991-Dce. 2005)

Annual (1912-2005), Busan



Spatial scale

Spatial scale in climate forecasts 
 Horizontal resolution 100 to 300 km



A GCM resolution

Global model
Resolution: 3.75° x 3.75°

Source: http://www.meteo.unican.es



Spatial resolution issue

GCM at 3.75° Real world
Source: http://www.meteo.unican.es



Spatial resolution issue

GCM at 2.5° Real world

Source: http://www.meteo.unican.es



Spatial resolution issue

CFS at 2.5°
Real world



Spatial resolution issue

RCM (GRIMs) at 30 km
Real world



The gap between climate predictions and 
regional applications (1)

Observed precipitation 
(10 Χ 10km)

Perfect GCM 
(20 Χ 20km)

Perfect GCM 
(40 Χ 40km)

(1+2+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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Spatial scale problem 



The gap between climate predictions and 
regional applications (2)
Perfect GCM (20 Χ 20km)

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

Warm bias in winter temperature
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Potential impacts of systematic bias (2)

Cold bias in winter temperature

Oct Dec Feb Apr Jun Aug
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Bias = -5°C
Bias = -3°C

Bias = 0°C
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Numerical weather prediction models
Physical 

parameterization
 Theory
 Simplified 

assumptions for 
unknown 
variables



Difference in climate models



GCMs limitations
30

0k
m

50
km

Climate models
Regional applications 
require…

~5 - 10 km

~ 1 km



Needs & Options to use GCM’s information

Downscaling

Source: Navarro et al. (2012)



Downscaling 

Source: ORASECOM 2010

Downscaling techniques try 
to adapt  the coarse global 
model output to the local 
features of a given region.



Statistical Background



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 𝑋𝑋



Random Variable and Random Events

𝐸𝐸1 = 𝑎𝑎 < 𝑋𝑋 ≤ 𝑏𝑏

𝐸𝐸2 = 𝑐𝑐 < 𝑋𝑋 ≤ 𝑑𝑑

𝐸𝐸1𝐸𝐸2 = 𝑐𝑐 < 𝑋𝑋 ≤ 𝑏𝑏

𝐸𝐸1 ∪ 𝐸𝐸2 = 𝑋𝑋 ≤ 𝑎𝑎 + (𝑋𝑋 > 𝑑𝑑)



Population VS Sample

Population
 All characteristic values from all elements

Sample
 A part of population
 A source of systematic error in statistics

𝝁𝝁 𝐯𝐯𝐯𝐯 �𝑿𝑿
𝝈𝝈 𝐯𝐯𝐯𝐯 �𝑺𝑺



Probability

Statistics VS Probability
 From population ?

Probability VS Likelihood 
 Sum -----> 1 ??

Probability
 Prob(A)=na/n

 Prob(A)= lim
𝑛𝑛→∞

𝑛𝑛𝑎𝑎
𝑛𝑛
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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



Coin flip



Axioms of Probability

P(S) =1
0 ≤ P(A) ≤ 1
P(A∪B) = P(A) + P(B) 
 if A & B are mutually exclusive
 Independent VS mutually exclusive

P(A∪B) = P(A) + P(B)-P(A ∩B)
P(A∪B∪C) = ?



Probability Mass/Density Functions (PMF/PDF)

Random variable X
 x1, x2,… ,xn

𝒇𝒇𝑿𝑿 𝒙𝒙𝒊𝒊 = 𝑭𝑭𝑿𝑿(𝒙𝒙𝒊𝒊) − 𝑭𝑭𝑿𝑿(𝒙𝒙𝒊𝒊−𝟏𝟏)

𝒅𝒅𝒅𝒅𝑿𝑿(𝒙𝒙)=𝒑𝒑𝑿𝑿 𝒙𝒙 𝒅𝒅𝒅𝒅



Cumulative Mass/Density Functions (CMF/CDF)

𝑭𝑭𝑿𝑿 𝒙𝒙 = ∑𝒙𝒙𝒊𝒊≤𝒙𝒙 𝒇𝒇𝑿𝑿(𝒙𝒙𝒊𝒊)

𝑷𝑷𝑿𝑿 𝒙𝒙 = 𝑷𝑷𝑷𝑷 𝑿𝑿 ≤ 𝒙𝒙 = ∫−∞
𝒙𝒙 𝒑𝒑𝑿𝑿 𝒕𝒕 𝒅𝒅𝒅𝒅



Probability Concept for Continuous R.V.

𝑷𝑷𝑷𝑷 𝒂𝒂 ≤ 𝒙𝒙 ≤ 𝒃𝒃 = ∫𝒂𝒂
𝒃𝒃𝒑𝒑𝑿𝑿 𝒕𝒕 𝒅𝒅𝒅𝒅 = 𝑷𝑷𝑿𝑿 𝒃𝒃 − 𝑷𝑷𝑿𝑿 𝒂𝒂

Pr(x=d)=?



Gaussian or normal distribution

Most widely used
2 parameter distribution

𝒑𝒑𝑿𝑿 𝒙𝒙 = 𝟏𝟏

𝟐𝟐𝝅𝝅𝜽𝜽𝟐𝟐
𝟐𝟐
𝒆𝒆−

𝟏𝟏
𝟐𝟐
𝒙𝒙−𝜽𝜽𝟏𝟏
𝜽𝜽𝟐𝟐

𝟐𝟐

− ∞ < 𝑿𝑿 < ∞

𝜽𝜽𝟏𝟏 = 𝝁𝝁, 𝜽𝜽𝟐𝟐
𝟐𝟐

= 𝝈𝝈𝟐𝟐

N(𝝁𝝁, 𝝈𝝈𝟐𝟐)





68-95-99.7 law

N(𝝁𝝁, 𝝈𝝈𝟐𝟐)
 Cover 68 % of all data between 𝜇𝜇 − 𝜎𝜎 and 𝜇𝜇 + 𝜎𝜎
 Cover 95 % of all data between 𝜇𝜇 − 2𝜎𝜎 and 𝜇𝜇 +

2𝜎𝜎
 Cover 99.7 % of all data between 𝜇𝜇 − 3𝜎𝜎 and 𝜇𝜇 +

3𝜎𝜎



Exponential Distribution

Probability distribution function
 𝑝𝑝𝑋𝑋 𝑥𝑥 = 𝜆𝜆𝑒𝑒−𝜆𝜆𝑥𝑥 = 𝑓𝑓𝑇𝑇(𝑡𝑡: 𝜆𝜆) for x>0

Population parameters
 Mean=E[X]=1/ 𝜆𝜆
 Variance=Var[X]=1/ 𝜆𝜆2

 Skewness=2
Parameter estimates

 𝜆𝜆 = 1
𝑥̅𝑥

Special case of the gamma distribution (𝜼𝜼 = 𝟏𝟏)



Example

Find the maximum likelihood estimator for the 
parameter 𝝀𝝀 of the distribution px(x)= 𝝀𝝀𝒆𝒆−𝝀𝝀𝒙𝒙 for 
X>0 
 L(𝝀𝝀)=∏𝑖𝑖=1

𝑛𝑛 𝝀𝝀𝒆𝒆−𝝀𝝀𝒙𝒙 = 𝜆𝜆𝑛𝑛𝑒𝑒−𝜆𝜆 ∑ 𝑥𝑥𝑖𝑖

 l(𝝀𝝀)=lnL(𝝀𝝀)=nln(𝝀𝝀)- 𝜆𝜆∑ 𝑥𝑥𝑖𝑖

𝜕𝜕𝑙𝑙(𝜆𝜆)
𝜕𝜕𝜕𝜕

= 𝑛𝑛
𝜆𝜆

- ∑𝑥𝑥𝑖𝑖=0

 𝜆̂𝜆 = 𝑛𝑛
∑ 𝑥𝑥𝑖𝑖

= 1
𝑥̅𝑥



Exponential Distribution



Gamma distribution (1)

Probability distribution of the time to the nth

occurrence, which is the sum of n independent  
r.v. T1+T2+…+Tn from the exponential distribution
 Waiting time of nth occurrence

Probability distribution function

 𝑝𝑝𝑥𝑥 𝑥𝑥 = 𝜆𝜆𝜂𝜂𝑥𝑥𝜂𝜂−1𝑒𝑒−𝜆𝜆𝑥𝑥

Γ(𝜂𝜂)
𝑋𝑋, 𝜂𝜂, 𝜆𝜆 > 0



Gamma distribution (2)

E[x]=∫𝟎𝟎
∞𝑥𝑥 𝜆𝜆𝜂𝜂

Γ(𝜂𝜂)
𝑥𝑥𝜂𝜂−1𝑒𝑒−𝜆𝜆𝑥𝑥 𝒅𝒅𝒅𝒅= 𝜆𝜆𝜂𝜂

Γ(𝜂𝜂) ∫𝟎𝟎
∞𝑥𝑥𝜂𝜂𝑒𝑒−𝜆𝜆𝑥𝑥 𝑑𝑑𝑑𝑑

=   𝜆𝜆
𝜂𝜂

Γ(𝜂𝜂)
Γ(𝜂𝜂+1)
𝜆𝜆𝜂𝜂+1 ∫𝟎𝟎

∞ 𝜆𝜆𝜂𝜂+1

Γ(𝜂𝜂+1)
𝑥𝑥𝜂𝜂𝑒𝑒−𝜆𝜆𝑥𝑥 𝑑𝑑𝑑𝑑 = 𝜂𝜂

𝜆𝜆

Parameter estimates



Gamma distribution (3)



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
 𝑃𝑃𝑌𝑌 𝑦𝑦 = Prob Y ≤ 𝑦𝑦 = Prob 𝑎𝑎𝑎𝑎𝑎𝑎 𝑋𝑋 ≤ 𝑦𝑦
 If x ~ iid

• Prob(X1≤y)* Prob(X2≤y)*…*Prob(Xn≤y)=[𝑃𝑃𝑋𝑋 𝑦𝑦 ]𝑛𝑛



EV distributions

Type Extreme Value Parent Distribution

Type I
largest

normal, lognormal, exponential, 

gamma

smallest normal

Type II largest or smallest Cauchy

Type III

largest beta

smallest
beta, lognormal, exponential, 

gamma



Extreme Value Type I (Gumbel)

PDF

 𝑓𝑓𝑋𝑋 𝑥𝑥 = 1
𝛼𝛼

exp −𝑥𝑥−𝜉𝜉
𝛼𝛼
− exp −𝑥𝑥−𝜉𝜉

𝛼𝛼
• 𝛼𝛼: scale parameter
• 𝜉𝜉: location parameter

CDF

 𝐹𝐹𝑋𝑋 𝑥𝑥 = exp − exp −𝑥𝑥−𝜉𝜉
𝛼𝛼



Extreme Value Type I (Gumbel)

Parameter estimation
 Method of moments

• �𝛼𝛼 = 𝑠𝑠𝑋𝑋
1.283

• 𝜉𝜉 = �𝑋𝑋 ∓ 0.45𝑠𝑠𝑋𝑋
 MLE

• �𝛼𝛼 = 𝑠𝑠𝑋𝑋 6
𝜋𝜋

= 0.7797𝑠𝑠𝑋𝑋
• 𝜉𝜉 = �𝑋𝑋 − 0.5772 �𝛼𝛼



Quantile or Percentile 

𝑷𝑷𝑿𝑿 𝒙𝒙𝒑𝒑 = 𝟏𝟏 − 𝒑𝒑 = 𝟏𝟏 − 𝟏𝟏
𝑻𝑻

 p: Exceedance probability

 p= 𝑖𝑖−𝑎𝑎
𝑛𝑛+𝑏𝑏



EQTIL (IMSL) & quantile() in R

𝑸𝑸 𝒑𝒑 = 𝟏𝟏 − 𝒇𝒇 𝒙𝒙𝒋𝒋 + 𝒇𝒇𝒙𝒙𝒋𝒋+𝟏𝟏
 𝑗𝑗 = 𝑖𝑖𝑖𝑖𝑖𝑖 𝑝𝑝 𝑛𝑛 + 1 ,𝑓𝑓 = 𝑝𝑝 𝑛𝑛 + 1 − 𝑗𝑗

𝑝𝑝 = 𝑄𝑄− 1+𝑗𝑗 𝑥𝑥𝑗𝑗+𝑗𝑗𝒙𝒙𝑗𝑗+1
(𝑛𝑛+1)(𝒙𝒙𝑗𝑗+1−𝒙𝒙𝑗𝑗)

Examples…
 With Excel
 PERCENTILE.EXC (MS office 2010)



Quantile-Quantile (Q-Q) plot

Graphical method
 Two probability distributions



Statistical Downscaling 
Methods



Downscaling techniques

Statistical Downscaling is based on 
empirical models fitted to data using 
historical records.

Y = f (X;θ)

Historical Records

Different tecniques

A2

A2

Climatology (1961-90)

GCM Global 
Predictions

Emission Scenarios

RCM
A2 B2Dynamical Downscaling runs regi-

onal climate models in reduced 
domains with boundary conditions 
given by the GCMs.



Downscaling techniques

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

Dynamical  
Two approaches

Empirical-statistical  
Three main classes

Perturbed observed

RCM Hi-res GCM

Weather Generators Transfer Functions

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

Index / analogues

Requires long term 
data  sets and uses 
weather  typing or 

historical  analogues

Source:
Bruce Hewitson  
(CSAG)



Pros and cons

Dynamical and Statistical Downscaling
Method

Statistical

• Easy and efficient to apply
• Fine resolution
• Able to directly incorporate 

observations into method
• Apply to all GCMs

• 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

Dynamical

• Physical-based process
• Produce numerous variables
• Subdaily data available
• Providing climate information 

at un-gauged points

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

parameterization
• Considerable internal-variability 

(systematic bias)

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



Producing synthetic climate variables equivalent 
to 
 Historical series
 GCM outputs

Single-site WG
 LARS-WG

Multi-site WG
 K-NN WG

Weather Generator (WG)



Weather Generator (WG)

K-nearest neighbor (K-NN) WG

1st

Jan
15th

Dec
16th

Jan

K-days

Collecting historical data

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷/1976
𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷/1977

⋮
𝐽𝐽𝐽𝐽𝐽𝐽𝐽𝐽/2015

L = (k + 1) × N − 1 days



K-NN WG

Mahalanobis distance for all candidates

Sorting the Mahalanobis distances dk from the 
smallest to the largest

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

( ) ( )T1
kttktk XXCXXd −−= −

∑
=

= K

i

k

i

kw

1

/1

/1

∑
=

=
j

i
ij wp

1

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



K-NN WG

Estimate a conditional standard deviation σ for K
nearest neighbors, and bandwidth λ. Then, use 
the perturbation process.

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

t
j

i
j
ti

j
ti zxy λσ+= ,,

5/106.1 Kσλ = jj
ta x **, 55.1/ σλ =



K-nearest neighbor (K-NN) WG



K-NN WG under Climate Change

Calculate differences for
each month & variable

GCM data 
(Historical period)

GCM data 
(Future period)

Observation
(Historical period)

Modified 
Observation

(Future period)

K-NN WG



K-NN WG under Climate Change

Modify observations with climate signals of 
GCMs



K-NN WG under Climate Change

Wet days
Heavy rainfall 
(> 10 mm)



Statistical downscaling techniques

Perfect Prognosis (PP)

Source: http://www.met.tamu.edu/class/metr452/models/2001/output.html#Statistical 
Weather Forecasting



Perfect Prognosis (PP)

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

Present Climate Future

Observations
South K, 20km

… ……………….GCM scen.
AR5 ~250km

Control scenario: 20c3m RCP4.5

… ……………….

GCM reanal.
ERA40, 250km

… ……………….

Projections
South K, 20km

… …………………
SDM

Precip = 0.8 MSLP + 1.2 Q850
… …………………

SDM

Precip = 0.8 MSLP + 1.2 Q850

MSLP, Q850, etc.

Precip
Precip = 0.8 MSLP + 1.2 Q850

…
…

…………………
…………………

Statistical model
SDM

• Assumption 1: Reanalysis choice
• Assumption 2: Choosing consistent predictors:
• Assumption 3: Stationarity/robustness: SDM SDM

… ……………….

…………………
SDM

…



Model Output Statistics (MOS)

Source: http://www.met.tamu.edu/class/metr452/models/2001/output.html#Statistical 
Weather Forecasting



MOS

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

Present Climate Future

Observations
South K, 20km

Control scenario: 20c3m RCP4.5

… ……………….

Precip = 0.9 SLP+ 2.1 SST

…
…

…………………
…………………

Statistical model
SDM1GCM1 scen.

AR5 ~100km

… ……………….GCM2 scen.
AR5 ~150km SDM2

Precip = 0.8 PPT+ 1.2 Q850

… ……………….

… …………………

SDM

… ……………….

PPT, Q850, etc.

… ……………….
MSLP, SST, etc.

Precip = 1.6 MSLP + 0.3 SST

…

… ……………….GCMn scen.
AR5 ~250km SDMn

… ……………….
SLP, SST, etc.

… …



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



MOS models 

Most popular
 Bias Correction/Spatial Disaggregation (BCSD)
 Bias Correction/Constructed Analogs (BCCA)



Model error

Error 
 Systematic

• Bias

 Random
• Ex: measurement errors

Bias correction
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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

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)
𝑍𝑍𝑗𝑗(𝑡𝑡) = 𝐹𝐹obs−1 𝐹𝐹𝑚𝑚 �𝑌𝑌𝑗𝑗 (𝑡𝑡)



Bias Correction/Spatial Disaggregation (BCSD)

GCM data 
(historical period)

GCM data 
(Future period)

Gridded observation 
data

(historical period)

Disaggregate the changing 
factor to observation scale 

(i.e. interpolation)

Calculate changing factor 
using bias-corrected his.

GCM and fut. GCM

Temporal disaggregation 
by applying changing fact

or to daily time scales

Bias correction Spatial downscaling Temporal downscaling

Monthly scale Daily scale

Aggregate observation 
data to GCM scale 

(historical period)

Create CDFs of observatio
n and GCM and quantile 

map

Apply the developed 
quantile mapping to 

future GCM data



Daily BCSD (1)

Spatial disaggregation 
 Interpolating daily GCM output to finer grid points

Bias correction
 Quantile mapping

• 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)

1st

Jan
15th

Dec
16th

Jan

QM

2nd

Jan
16th

Dec
17th

Jan

QM

…

N-15th N+15thN

QM



BCCA (1)

Source: Hidalgo et al. (2008)



BCCA (2)

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



What if does a long-term trend exist?

QM Equation
 Extrapolation required

• Gumbel distribution for PRCP
• Normal for temperature (i.e. TMAX, TMIN)

Inflation by 
frequent 

extrapolation

Source: Cannon et al. (2015)



What if does a long-term trend exist?

BCCA
 Hard to find similar weather patterns from 

historical data
 Not reliable climate projections

Few 
analogs 
similar to 
future 
spatial 
structure



Detrended quantile mapping (DQM)

Account for changes in the projected values
 Removing the modelled trend in the long-term 

mean
 Reimposing it after QM

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



Quantile Delta Mapping (QDM)

Preserving model-projected relative changes in 
quantiles

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

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

∆𝑚𝑚=
𝐹𝐹𝑚𝑚,𝑝𝑝
−1 𝜏𝜏𝑚𝑚,𝑝𝑝(𝑡𝑡)

𝐹𝐹𝑚𝑚,ℎ
−1 𝜏𝜏𝑚𝑚,𝑝𝑝(𝑡𝑡)

𝜏𝜏𝑚𝑚,𝑝𝑝(𝑡𝑡) = 𝐹𝐹𝑚𝑚,𝑝𝑝 𝑥𝑥𝑚𝑚,𝑝𝑝(𝑡𝑡)



Quantile Delta Mapping (QDM)

Step 3: Bias-correction from observed values

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

�𝑥𝑥𝑜𝑜:𝑚𝑚,ℎ:𝑝𝑝(𝑡𝑡) = 𝐹𝐹𝑜𝑜,ℎ
−1 𝜏𝜏𝑚𝑚,𝑝𝑝(𝑡𝑡)

�𝑥𝑥𝑚𝑚,𝑝𝑝(𝑡𝑡) = �𝑥𝑥𝑜𝑜:𝑚𝑚,ℎ:𝑝𝑝(𝑡𝑡) ∆𝑚𝑚



Quantile Delta Mapping (QDM)

Source: Cannon et al. (2015)

Step 3-4Step 1-2



SDMs

BCCA algorithm

Removing long-term 
trend and 

Bias-correction by
QM, QDM, and DQM

Reimposing the long-
term trend  

Bias correction
(QM/CA
DQM/CA
QDM/CA)

Bias correction by QM, 
QDM, and DQM

Spatial disaggregation 
(IDW)

SD/QM
SD/QDM
SD/DQM

BCSD BCCA



Summary

Dynamical VS Statistical
 Simple and efficient
 Stationarity

 Basic statistics
 Normal, Gamma, and EV distributions
 Quantile

 PP VS MOS techniques
 Weather generator
 MOS models

• BCSD; BCCA
 Long-term trend preserving methods
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