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Who am I? 

Worked in APCC 
 Sep. 2014 – Feb. 2017 

Hydrologist in AEP 

Research Interests 
 Statistical Downscaling 

 Hydrologic modelling 

 Climate change impacts on hydrologic systems 

Current project 
 Numerical modelling framework for assessment of 

cumulative environmental impacts 

 



Please help me !! 

Hard work! 

Attention to instructors 



Please help me !! 

Remain seated please !! 

Do not bring foods in Lotus…Please!! 



Contents 

Why do we need downscaling? 

Dynamical VS Statistical downscaling  

 Pros and cons 

Statistical downscaling methods 

 Perfect Prognosis (PP)  

 Model Output Statistics (MOS) 

 Long-term trend preserving methods 



Rubber suitable to road conditions 

 



Properly Working? 



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)) 

copyright@Jung (2013) 

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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Potential impacts of systematic bias (1) 

Warm bias in winter temperature 

Oct Dec Feb Apr Jun Aug 

D
is

ch
ar

ge
 

SW
E 

Winter Summer 

Bias = 0°C B

ias = 3°C 

Bias = 5°C 
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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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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 Downscaling 
Methods 



Downscaling techniques 

 

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

Y = f (X;) 

Historical Records 

Different tecniques 

A2 

A2 

Climatology (1961-90) 

GCM Global  

Predictions 

Emission Scenarios 

RCM 

A2 B2 Dynamical Downscaling runs regi-o
nal climate models in reduced     do
mains with boundary conditions  giv
en by the GCMs. 



Downscaling techniques 

 
General classes of downscaling 

Local climate = f (larger scale predictors) + locally forced variance 

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 

• Dependent on choice of predictors 

Dynamical 

• Physical-based process 
• Produce numerous variables 
• Sub-daily 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 

 

 

 

 

 

 

Distance for all candidates 

 

 

1st  
Jan 

15th   
Dec 

16th   
Jan 

K-days 

Collecting historical data 

 

𝐷𝑒𝑐15/1976
𝐷𝑒𝑐15/1977

⋮
𝐽𝑎𝑛16/2015

 

L = (k + 1) × N − 1 days 

   T1
kttktk XXCXXd  



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 



Statistical downscaling techniques 

Perfect Prognosis (PP) 

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



Model Output Statistics (MOS) 

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



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) 



Post Processing…Bias Correction 

Adjusting GCM-driven values at a target point or 
region to better correspond to reference (e.g.    
observed) data 
 bias-correction (systematic errors) 

Biases in 
 Single variable 

• Mean, variance, shape of distribution 

 Multiple variables 
• Dependence structure (Cross correlation) 

Marginal distributions via quantile mapping 
 



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) 

𝑍𝑗(𝑡) = 𝐹obs
−1  𝐹𝑚 𝑌 𝑗(𝑡)  



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 CDF of observation 
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 a moving window 
– ±15-day or a month 

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+15th   N 

QM 



Simple Qunatile Mapping (SQM) 

Sampling daily data to build ECDF for a month 

 12 ECDFs necessary 

Bias correction 

Disaggregate GCM        
values to target points  

(e.g. stations) 

Inverse distance  

weighting method 

Spatial downscaling 

Create CDFs of  

OBS and GCM  

and quantile map 

Apply the developed  

quantile mapping to  

future GCM data 

GCM data 

Historical  
(reference)  

Period 

Future 
Period 



BCCA (1) 

Source: Hidalgo et al. (2008) 



BCCA (2) 

 

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



Need to preserve spatial distribution in the  
future? 

BCCA 
 Hard to find similar weather patterns from historical 

data 

 Not reliable climate projections 

 

 

 

 

 

Spatial distribution may be altered by climate        
change 

Few 
analogs 
similar to 
future 
spatial 
structure 



Unintended consequences… 

 
QDM 

Obs 

GCM 

hist 

GCM future 

corrected     

      future 

x 3 
corrected     

      hist 

Quantile 

mapping 

Quantile 

delta 

mapping 

Cannon et al. (2015) J. Climate 



Quantile Delta Mapping (QDM) 

Source: Cannon et al. (2015) 

Preserving model-projected relative changes in 
quantiles 

Correcting systematic biases in quantiles 



ETCCDI related to TMAX and TMIN 

2020s 2050s 2080s 2020s 2050s 2080s 

GCMs QM 

DQM QDM 
2020s 2050s 2080s 2020s 2050s 2080s 
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Univariate bias correction 

Can preserve dependence structure? 

Pearson correlation 

(monthly T & P) 



Multivariate Bias Correction (MBC) 

Cholesky Decomposition (CD) 

 Preserve covariance between variables 

Process 

 
Bias  

correction 
by  

QDM 

Decomposi-
tion matrix 

by  
CD 

Adjust bias 
corrected  
values by 

QDM 



Multivariate Bias Correction (MBC) 

 

typically < 5 iterations 

Cannon (in press) J. Climate 

1. Apply quantile delta map

ping (QDM) to marginal d

istributions; 

2. Cholesky decomposition 

 multivariate linear res

caling to match covarian

ce structure; 

3. Repeat from 1 until conv

ergence. 

Pearson correlation 



Applications of  
Statistical Downscaling 

Methods 



Case study 1: Vulnerability of Infrastructures to 
Climate Change 

London, Ontario (Canada) 



Procedure for assessment of climate change 

 

Input Climate Scenarios  
K-NN Weather Generator 

Temperature, Precipitation 

 

Rainfall-runoff transformation 
Hydrologic Model 

Floodplain mapping 
Hydraulic Model 

 

Analysis of Change in Climate Variables 
Temperature, Timing, Duration, Shifts, Precipitation 

Infrastructure Risk 

Assessment due to 

Change in Climate 

Variables 

Infrastructure Flood 

Risk due to Climate 

Change 

Risk Assessment  

Flood frequency analysis 



Climate signal from a  GCM (CCSRNIES B21) 

 



K-NN WG 

 



Hydrologic model 

 Input data 

 Hourly data from a temporal disaggregation 
technique 

• Method of fragment (Svanidze, 1977) 

HEC-HMS 



Frequency analysis 

 



Flooding map 

 



Case study 2: Water availability under climate 

change in the Alberta oil sands region 

 

OIL SANDS LOCATION, ALBERTA, CANADA 

Bowman, C.W., 2008 



Bitumen 

 

Naturally Rich 
Bitumen Land

scapes 

M. Conly 



Athabasca River Basin 

Various topographic and physical characteristics 

DEM 

Soil Type 

Land Cover (2000) 



Climate data (1) 

Trevor et al. (2013) 

Trevor et al. (2013) 

Statistical downscaling 

 PCIC (http://www.pacificclimate.org) 

 Over Canada with 10 km resolution 

http://www.pacificclimate.org/


Climate data (2) 

Model 
Abbreviation Modelling Center 

RCP/ 
Statistical downscaling method 

(SDMs) 
Primary reference 

CNRM-CM5.1 
Centre National de Recherches 

Meteorologiques and Cerfacs 

RCP4.5& RCP8.5/ 

BCCI & BCSD 

Voldoire et al. (2013) 

CanESM2 
  

Canadian Centre for Climate Modelling 

and Analysis 
Arora et al. (2011) 

ACCESS1 
Centre for Australian Weather and Climate 

Research 
Marsland et al. (2013) 

INMCM4 
Institute of Numerical Mathematics of the 

Russian Academy of Sciences 
Volodin et al. (2010) 

CSIRO-Mk3.6.0 
Commonwealth Scientific and Industrial 

Research Organisation 

  

Jeffrey et al. (2013) 

CCSM4 
National Center for Atmospheric Research 

(NCAR) 
Gent et al. (2011) 

CMIP5 

 6 GCMs x 2 SDMs x 2 RCPs = 24 scenarios  



Indicators of Hydrologic Alterations (IHAs) 

Hydrologic regime 

component 
WRIs and IHAs No 

Examples of hydrologic in

fluence 

Examples of ecological   

influence 

Magnitude and      

timing 

Water resources indicators (WRIs) 

Annual volume (m3), center of timing  

of annual flow (water year), median     

seasonal flow 

6 

Annual water balance,      

magnitude and timing of   

seasonal conditions 

Availability and suitability 

of habitat for aquatic      

organisms 

Magnitude and     

duration 

Annual mean 1-day minimum and     

maximum (m3/s) 
2 

Magnitude of annual flood 

and drought conditions 

Duration of stressful       

conditions 

Timing 
Day of each annual 1-day minimum an

d maximum 
2 

Timing of annual flood and 

drought conditions 

Spawning cues for fish;  

compatibility with life  

cycles of organisms 

Magnitude and      

timing 

Timing and amount of spring freshet 

initiation 
2 

Timing and magnitude of  

rapid melting 
- 

  Total 12     



Seasonal changes in PPT & TEM  

Difference from the reference period (1981-2010)  
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Hydrologic model 

 Variable Infiltration Capacity (VIC) 
 1/16 (~7km) spatial resolution 

 DEM 
 Canadian Digital Elevation Data (CDED) 

• 3 arc second (≈ 90 m ) spatial resolution 

 Land cover 
 1 km resolution – circa 2000 (Earth Observation for 

Sustainable Development, EOSD) 

 Monthly Leaf Area Index (LAI) 
 Canada-wide 1-km 10-day SPOT 4 2000 LAI 

 Soil parameters – 3 layers 
 Soil Landscapes of Canada (SLC) version 3.2 



Hydrologic alteration factor (HAF) 

HAF 

 (Projected frequency - Reference frequency) / 
Reference frequency 
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Summary 

Why do we need downscaling? 

 

Statistical or Dynamical 

 

MOS-based approaches 

 Preserve GCM-driven long-term trend 

Case studies 




