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Global Climate Models (GCMs)
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Global Climate Models (GCMs)

. In IPCC AR4 socio-economic driven SRES were usec
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Global Climate Models (GCMs)
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Global Climate Models (G




Selecting GCMs

. Multiple Model Ensembles (MME) app?oacH |Is

recommended to encompass uncertainty in model
structure and parameterization

. Large number of GCMs available

. Multiple emissions scenarios (4 RCPs)

. Multiple realizations for each GCM-Scenario combinations
. Methods are needed for model selection
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Selecting GCMs

. 1) Selection of GCMs by required climate valrlaEIes !or

hydrologic modelling during time of interest (e.g. 2050’s,
2090’s)

. 2)GCM reanalysis data is used to compare with historical

data
Pdfs generated using bin-size of 0.5°C
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Selecting GCMs

3) Calculate skill score of each probability aelnSI!y !unction

for each GCM

n
Sscore = zlmin(zm; Zo)

. Cumulative minimum value measures common area
between probability density functions

. User defined weights can be applied to each bin to
provide higher influence to models that can reproduce
range
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Selecting GCMs

take place by graphical methods

Scatter Plot Method

. 4) After models have been selectec uFfHer-re!uction can

. Selections of models encompossing scenarios likely to

produce hydrologic extremes
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Selecting GCMs

Percentile Method

’

. Selection of future GCM-Scenario combinations
corresponding to 5t 25t 5ot 75t ‘and 95t percentile

Percentage change (precipitation)
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Downscaling GCM data

Change Factor

Methodologies Dynamic

, | Regional
Transfer Regression- E—— Weather Climate Models

functions Based Generators Classification (RCMs)

Parametric Non-Parametric Semi-Parametric
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conditions in different time slices

Time §9ries of GCM Quantification of additive Future
Baseline (GCMb) & / multiplicative change climate
GCM future (GCMA) factor (CF,,,/ CF,,,) scenario
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Downscaling GCM data

=

Climate Model
Girid Scale
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Downscaling GCM data

. Develops relationsl .
“predictor” & single site ¢ predlctand” variables

Standard Regression Model:

m
Weather y — Z/Bjxj —I_ u — X/B —I_ u
Classification J: 1
weather | ¢ Multiple regression, Artificial Neural Networks,
Canonical correlation, etc.

FIDS
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Downscaling GCM data

’

* Meteorological data is related to discrete
weather patterns

Regression-
Based

* Relationships are developed using conditional
probability distributions

weather | e Fyture climate simulations developed using
large scale GCM models
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Downscaling GCM data

’

* Most popular technique for statistical
downscaling

Regression-
Based

Ability to generate synthetic climate data of any
length

Weather
Classification

Statistically reproduces attributes of climate
variables include mean and standard deviation

* Main types are parametric, non-parametric, and
semi-parametric

FIDS
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Downscaling GCM data

Parametric «‘

Regression-
Based

Weather
Classification

Markov chains to determine wet or dry day
probability

Probability distributions are derived for
precipitations amounts, temperatures and
other variables

Spatial correlation must be assumed for multi-
site applications

FIDS
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Downscaling GCM data

Semi-Parametric «‘

@ * Empirical [ parametric components

Regression-
Based

* Each model uses a different approach

Weather

cassification | ®  Spatial correlations must be assumed for multi-
site applications

 Examples:
 Statistical Downscaling Model (SDSM)
* LARS-WG
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Downscaling GCM data

Non-Parametric ’

@ * Resampling is used to select daily weather

Regression-
Based

* No underlying statistical assumptions are
Weather . o . . .
Classification needed regarding the probability distribution

of weather variables

* KNN approach from Young (1994)

FIDS
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KNN - “K” Nearest Neighbor algorithm Wa!es, 2003!

Reshuffles daily climate data for multiple stations

Potential neighbors are determined within temporal
window

Potential neighbor averages compared to current day
averages using Mahalanobis distance

Closest “K” nearest neighbors selected

Next days weather from KNNs randomly selected from
probability distribution FIDS
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KNN-CAD version 1 (Sharif and Burn, 2@8’

Perturbation component is added

KNN-CAD version 2 (Prodanovic and Simonovic, 2008)
Leap year modification

KNN-CAD version 3 (Eum and Simonovic, 2008)
Principal component analysis for calculation of
Mahalanobis distance

KNN-CAD version 4 (King, McLeod, and Simonovic, 2012)
Improved perturbation scheme
Block bootstrapping method

FIDS
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’

Step 1 - Compute regional means of p variables (x) across
all g stations for each day in the historical record

. KNN algorithm consists of 9 steps

Xe = [Xoe Xop0 o Xpe| VE={12,..,T}
q

1 .
where, Xt —1 Eit] Vi ={1,2,...,p}
here, xlt — 5 J—xi,tj Vi = {1'2' 'p}
j=1
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Step 2 — Choose temporal of length “w’” an ?elec! a

subset of potential neighbors “L” days long for
“N” years

1 2 3 4 5 6 7 8 9 N
1 2 3 4 5 6 7 8 9 3
i 3 4 5 6 7 8 9 2
2 3 4 D 6 7 8 9 1
Year
< w/2 > < w/2 >
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’

Step 3 — Compute mean of “L” potential neighbors, X, for
each day

xl’l cee xl’p
Xl — . o .

X1 v Xpp)
Step 4 - Compute covariance matrix C, for day t with X,

_var(fl’l) COU(EL]_,ELP)-
Ct — : ) :

_cov(Epll) var(fp,p) | FDS
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Step 5 — Random selection of first simulation day from
historical record consisting of “p”’ variables at

(P2

q”’ stations from the “N” years

Step 6
a) Calculate eigenvector (E) & eigenvalue (e) from C;

b) Retain E with highest e
c) Calculate first principal component using E

X,

PC, E
E

PC, = X, vl =1{12,..,L}

FIDS
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d) Calculate Mahalanobis distance

TMX

PPT
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Step 7 — Sort the Mahalanobis calculated for each
potential neighbor from smallest to largest and
retain the “K” nearest neighbors

K =+L Yates et al. (2003)

Step 8 - Use discrete probability distribution weighting
closest neighbors the highest for resampling one
of the “K” nearest neighbors

1/k

~ _ _
DX ERY/: vk =11.2,... K] Pi = &i=a W

Wk
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B

Step 9 — Generate random number, u(0,1), to determine
current neighbor from probability distribution
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’

Step 10 — Resample block of data preceding selected day

NN NN+1| NN+2 - - - NN +B

Step 11(a) — Perturbation of resampled temperature values

J _ J _
Yiesb = Atemp * Xjppp + (1= Atemp)Ze+s

From KNN
where, b = 1,2, ...,B rom

Zt+b~ N(H, O-)
Zt+b"’N(xi],t+b» Ui,t)
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’

Step 11(b) — Perturbation of resampled precipitation values

J _ j .
Yppt.t+b = Appt * Xppte4p +(1 = Appt ) Zess

Where,
Zt+b — eAmj,t'l'ij,t*Zt
Bm;
_ J,t
Am;; = log(x;) — >
T
Bm;; = |log| —+1
\ Xjt
Oj t > From LNN
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’

Step 12- Repeat process until end of historical record is

reached

*Process can be repeated any number of times for longer
generated climate records

*Longer records are extremely useful for risk analysis in
hydrologic modelling

FIDS
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 Historical mGCM
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*using CGCM3T47 with A1B SRES Scenario for LondonA weather station FIDS
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KNN-CADV4 Example

//—\

ser interface develope
Simonovic (2012)

T —— o © =
%New ﬁ Open QSave [ Save As @Help ) About QCIose

J[D 1. Problem Definitionl % 2. Historical Data “\ 3. Scenario Generation @ 4. Simulation @ 5. Results 4

@ Provide the basic information for your problem.

- o ~Variables
Description Description
() Precipitation
[I:D Station Names ] @ Precipitation + Max. and Min. Temperature
[‘?‘i Scenario Names ]
O Precipitation + Mean Temperature
Number of Runs 1 :
- O Max. and Min. Temperature
Block Length: 10 -
Interpolation Factor For: Temperature: | 0.9 Precipitation: 0.9 O =
Historical Data Timespan, From: | 1/ 1/1979 | |12_I31_IZDDS | Precipitation in mm and Temperature in %C

@Change

ﬂ Set output foider {Qutput files will be stored here)

Output Folder | ¢ Users) Patrick) Desktop, KnnCAD

’ﬁ Set Qutput Folder ]

FIDS
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KNN-CADV4 Example

% Mew ﬁ Open Q Save [ Save As (2) Help & About g Close

(3 1. Problem Definition [*3 2. Historical Datal “\ 3. Scenario Generation @& 4. Simulation &2 5. Results

@ Provide data for each of the following stations

Select a station: Input data on spreadsheet bellow:

Blythe
Embro

Date

Blythe

PPT {rnrm)

T.Max [20)

T.Min (eC)

Folden

LondonA

Stratford

w0 | s e R

=
o

=
=

=
ra

[y
o

[y
=

01,/01/1979
0240141979
0340141979
04,/01/1979
0540141979
06,/01/1979
07 /011979
08,/01/1979
09,/01/1979
10/01/1979
11,01 /1979
12401 /19749
13/01/1979
14,401 /1979
15/01 /19749

250
10.00
0.00
0.00
2.00
3.50
2.00
250
12.00
250
0.00
6.00
2.50
1z2.00
6.50

0.00

-7.50
-12.00
-14.50
-12.00
-11.00
-12.00
-10.00
-12.50
-12.00
-15.00

200
-14.00
-10.00

(LI

-

mport From Exce

-
ﬁ mport From CSV

FIDS
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KNN-CADV4 Example

- ° ° //—\
alibration procedure

simulation

% New ﬁ Open QSave [ Save As @Help ) About 0 Close

(1 1. Problem Definition % 2. Historical Data “% 3. Scenario Generation l@ 4, Simulationl @ 5. Results

@ Select a scenario and hit 'Run Model' to start simulation. Depending on your model configuration, the simulation process might take a while.

Please select a Scenario:

Histerics! Run Mode l“ﬂ sults ﬁ Open Output Folder
CGECM3T47_A1B_2020s
CGCM3T47_AZB_2020s Simulation

CGCM3T47_A3B_2020s

Calculating Potential Neighbours...

FIDS
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KNN-CADV4 Example

E‘ENew ﬁ Open ESEUE [l Save s @Help W About BCID;E

3 1. Problem Definition % 2. Historical Data “\ 3. Scenario Generation @& 4. Simulation & 5. Results 1b

Cg) Select scenario and station you wish to analyse

Scenario: Station:

Historical Blythe L Compute Statistcs l\.-,ﬂ Show Graphs and Tables
CGCM3T47_AlB 2020s Embro

CGCM3T47_A2B_2020s Folden
CGCM3T4T7_A3B_2020= Londond

Stratford

FIDS
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KNN-CADV4 Example

Graphs | Coefficient of Determination

Please Select a Graph Results from Scenario: Historical for Station: Blythe

Extreme Precipitation Amounts
Wet Spell Lengths Extreme Precipitation Events

Dry Spell Lengths =
Daily Precipitation Characteristics

Temporal Correlation and Max. Temperature 45 1
Temparal Correlation and Min. Temperature

Total Monthly Precipitation 40

Precipitation {(mm)

Month

A Simulated 99th Percentile < Simulated 95th Percentile

=——— QObserved Max ——— QObserved Mean

FIDS
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KNN-CADV4 Example

Graphs | Coefficient of Determination |

Coefficient of Determination
Total Monthly Precipitaton 0725

Mean Daily Prec pitation

S0 Daily Precipitation

95th Percentile Precipitation

99th Percentile Precipitaton
Mean et Spell Length
Mean Cry Spell Length
Maxwet Spell Length
MWaxDry Spell Length
Mean T
Mlean TMIT
99th Percentile ThAx
S5th Percnetile Thax
Sth Percentile TIAX
1stPercentile Thisx
99th Percentile TRIN
S95th Percentile TN
Sth Percentile TRIM
lstPercneitle TMIN
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Dry Spell Length {days)

KNN-CADV4 Example

Mean and Maximum
10

Spell Length

1 2 3 4 5 6

7 3

Month

A Max Dry spell length
——— Dbserved Mean

& Mean Dry spell length =— CQbserved Max

Wet Spell Length (days)

Mean and Maximum Spell Length

T T T T T T T
1 2 3 4 5 6 7 ] 9 10 11 12
Month

A Max wet spell length
—— Observed Mean

1 Mean wet spell length =— Observed Max

FIDS
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Correlation

KNN-CADV4 Example

Tempaoral correlations of Maximum Temperatures Tempaoral Correlations of Maximum Temperature
1.02 1.02
0.92 - 0.92 -
0.82 0.82
0.72 0.72
0.62 - e 0.62
o
=
0.52 4 = 0.52 4
b
g
0.42 - 3 0.42 -
0.32 0.32
0.22 - 0.22 -
0.12 0.12
0.02 - 0.02 -
I I I I I I I I 1 1 1 1 I I I I I I I I 1 1 1 1
1 2 3 4 5 B 7 3 9 10 11 12 1 2 3 4 5 B 7 3 9 10 11 12
Month Month
[ © simulated Min. Temperature Historical Min. Temperature || [ & simulated Max. Temperature Historical Max. Temperature ||

FIDS
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KNN-CADV4 Example

%New ﬁ Open Qﬁave [l Save As @Help W About BCID;E

(5 1. Problem Definition % 2. Historical Data I‘?& 3. Scenario Generationl @ 4. Simulation & 5. Results

@ Change factors will be applied to historical input files.

Scenario:

CGCM3T47_AlB_2020s J{:hange Factu:lrsl
CGCM3T47_A2B_2020s
CGCM3T47_A3B_2020s Station: Variable:

Change Factors:

Blythe Precipitation {mm) WManth Factar

Embro Max. Temperature (2C) lan 119
Folden Min. Temperature (2C) Feh 110
LondonA
Stratford

Mar 119
Apr 113
Iay 104
Jun 099
Jul 091
Aug 096
Sep 094
Oct 101

Mo

Dec

FIDS
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KNN-CADV4 Applications

1. Integrated Reservoir Management
Optimization

Eum (2009)
2. Flood and Drought Risk
Prodanovic and Simonovic (20063, 2006b), Gaur (2013)

3. IWRM System Dynamics Simulation

Prodanovic (2007)

FIDS
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