Statistical/Stochastic approaches

for downscaling

Simple Quantile Mapping
Spatial Disaggregation Quantile Delta Mapping
Bias—Correction & Stochastic Analog

Oct. 2018

Syewoon Hwang

Department of Agricultural Eng.
Gyeonsang National Univ.




Outline

Stochastic downscaling

> Methodology
- Significance

Case study )

BCSD (Bias—correction & spatial disaggregation)
SDBC (spatial disaggregation & Bias—correction)
BCCA (Bias—correction & constructed analogue)
BCSA (Bias—correction & stochastic analog)

Comparative Evaluation

Application )

Hydrologic implications

Message to take home




Bias—Correction & Stochastic

analog (BCSA)
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(How to evaluate the performance?)




General framework of climate change impact assessments
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Simple Quantile Mapping (SQM)

» Sampling daily data to build ECDF for a month
- 12 ECDFs necessary

- GCM data - Spatial downscaling - Bias correction
b Create CDFs of
Historical Inverse distance
(reference) ahti thod OBS and GCM
- ighting m
Period L and quantile map
Euture Disaggregate GCM Apply the developed

values to target points

(e.g. stations) quantile mapping to

future GCM data

Period




Bias Correction/Spatial Disaggregation (BCSD)

Observationally based daily GCM's daily simulation ) Statistical bias
gridded dataset: spatial of 20th century climate : .
resolution of 1/8° (~12 km) spatial resolution of 2.8° correction Of G C M
v v simulations
— Aggregate to 2° spatial resolution Spatially interpolate GCM gridded time 5 Quantile mapplng

series data to a 2° spatial resol

. ;

Bias correction: CDF construction & matching

\ Compute factor values at each 2° grid point in the domain
Factor=bias corrected 2° GCM/aggregated 2° monthly mean

calculate given month's 1950-1999
mean from the observational
dataset (2° resolution) ¢ 2° GCM factor

Interpolate the 2° GCM factor values to 1/8° resolution
using a modified inverse-distance-squared interpolation

\

Multiply 1/8° GCM factors
by observed 1/8° observed mean

Bias corrected and spatially downscaled 1/8°prediction

ution

» Spatial downscaling to
fine scale (i.e. stations)

» Temporal

L} Bias corrected GCM dataset dlsaggregatlon from

monthly to daily

bias-corrected forecast variable derived from station obs.
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Bias—Correction & Constructed Analogue (BCCA)

I) NEW PATTERN AT CCARSE- |l) FITTING THE ANALOGUE (DIAGNOSIS): I} DOWNSCALING THE PATTERN
RESOLUTION: (PROGNOSIS):

A subset of patterns from a historical library is selected as

A new pattern obained from a coarse  €ontribLtions 1o a constuced analogue of Z,,, basedon 4 jinear combination of the predictor patierns
resolution source, but the correspondng spatial similarity evaluated atthe 2.5 x 2.5 degree produces a least squares (constructed) analogue

high-resolution (downscaled) pattern is resolution. of Z, at2.5 x 2.5 degree resolution
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The h gh-resolution patterns for the same days as the
coarse predictor patterns are also gathered




Need to preserve spatial distribution in the future?

» BCCA
- Hard to find similar weather patterns from historical data
> Not reliable climate projections
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Quantile Delta Mapping (QDM)

» Preserving model—projected relative changes in quantiles
» Correcting systematic biases in quantiles
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Unintended consequences--

Quantile
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stochastic downscaling approach

Bias removal

a

Downscaling

Remind
CDF mapping!

Bias correction
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Motive for developing BCSA

GCM future Downscaled distribution (future)

information

We can reproduce these statistical attributes under
assumption of stationarity!

Temporal Statistics
(Mean, Std., distribution,
Auto—correl., etc.)

spatial Statistics
None! (spatial correlation, I =
covariance, etc.) .

spatial Pattern
(Local characteristics)

Nonel ?

But cannot determine the spatial pattern of
precipitation events on daily basis.

Generate plausible patterns and use those
as scenarios!




—___.Schematic representation
i f the methodology

CMIP3 GCM predictions

Method 3. BCSA to generated spatially correlated precipitation field
' Method 1. | Method 2.
SDBC
BCSD \ 4 v 2 sub-basin Normal score transformation Gfe.nledrate random
. . . . ield sequences
Bias correc.tlon Spatla! downsc'almg scale obs. Estimate spatial correlation for 172 stations
CDF mapping IDW interpolation \ structure of obs.
v v \ 4
Spatial downscaling Bias correction ; Using correlation matrix
IDW interpolation CDF mapping Bias correction of normal score
“ ' CDF mapping
Spatially correlated field
Gridded dataset: spatial ' . ‘

resolution of 1/8° (~12 km) . lera!'y o.f Back

, , = spatially distributed ransformation
e e e o [
Method 2 results Method 1 results . precipitation fields .
(CDF mapping)
SDBC BCSD
GCMs GCMs l""::.lll w
Method 3 results ‘ /
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Evaluate against observation

BCSA Select field from library
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Bias—Correction & Stochastic Analogue (BCSA)

» Day 1

Raw GCM Bias—corrected GCM

¥

Stochastically
precipitation fields of
spatial average is equal to
the bias—corrected GCM
data for a specific day and
grid

» Day 2, 3,-- : same procedure is repeated




4 GCMs (CMIP3) used in the practice
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Mean daily preciptiation (mm)
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Comparison of monthly
first-order dry to wet
(TP_{01}, upper raw) and
wet to wet (TP_{11},
bottom row) transition
probabilities for raw GCM
data (first column) and
bias—corrected GCM
results (second column).
Averaged transition
probabilities for all grids
over the study area (i.e.,
the state of Florida) were
plotted for each GCM.




Latitude

Spatial distribution of the daily mean precipitation

for wet season

Gridded ohservation
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Latituce

Spatial distribution of the temporal standard deviation

for wet season

Gridded shservation BCSD_daily BCCA
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Spatial distribution of the 90t and 50 percentile daily precipitation

the 90" percentile the 50" percentile
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Spatial distribution of the frequency of wet spell length () 5 days) events.

for wet season for dry season

Gridded chrervation BCSD_daily BCCA SDRC BCSD_daily BCCA SDEC BCSA
8 - E
v i 2 - o
. 2P \:.“RT“,'*} Gl - I 0 o
E g 28 ; i e 5 £
E - ME: 21 Bl ME:03 ¢ y Do PR £ E]
3 ki RMSE: 2.3 RMSE: 04 4 : 0. 5 s 5 RASSE: 6.4
2 % R 043 x| R0 1\7J 2 B} K029
CHRNChEZ — BOGR - BOCR -4 CHRM-CME
a 24 24 24 o 1]
Wmom @ @ e BB B 8 @2 W B 85 o &2 &) 88 & 84 8 & 8 a5 &1 62
Longituck:
£ g
E \ i
L} BASE:03 g |
5} R:050 i
GO wEﬁ-f
2
a6 o4 a0
]
©
T E
3 3
-
# .
3 i ME: 62 5
2 20 ME:-49 e 4 3 RMSE: 6.4 RAMSE: 07 . }
® | RMSE 50 e 07 BV RMEE: 0.6 %} R:0.16 26} R 0.52
R <01 Ros ROT3 7
S e ! 2|y e E R ] b " MIRDC3 2 il L -
24
2 L= - MIRCC.2 - COM3 - CCsM3 3 % 84 82 B0 = & = a2 o 48 66 e & @ 45 B 84 & 8D
24 4 ) 0 Longitucs Longnade
@ 6 8 @ B0 s a6 64 @ @ @ @6 64 A 40 B8 @ A 62 A& ok Longfiure Longhude ord
Lorgtude Longtude Langitucs Longihusde

Units in “number of events/year. ME, RMSE, and R calculated for the
downscaled predictions are reported on each map.

o

=

o

=

o

=



Number of the events
for given (a) wet (=0.1mm) and (b) dry ({0.1Tmm) spell lengths
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Dalily precipitation Predictions

Raw GCM data vs. observation Averaged mean daily precipitation
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Transition probabilities

Dry to wet day (P_01, left column) and wet to wet day (P_11, right column)
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Number of sub-basins
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Moran's / index

observed vs. simulated mean daily spatial correlation indices

(@) Moran’s | and spatial variance indices (b) Geary’s C for each month. 4 GCMs are not
separately represented but are indicated by the same marker for each downscaling method.
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Hydrologic implication of BCSA




Integrated Hydrologic Model

TBW and SWFWMD commissioned the development and application of an integrated surface

water/groundwater model to gain an increased understanding of the surface and groundwater
flow systems in the Tampa Bay Region.

« The Integrated Hydrologic Model (IHM) was developed which integrates the EPA Hydrologic
Simulation Program—Fortran for surface—water modeling with the US Geological Survey
MODFLOW?96 for groundwater modeling.

Ross et al., 2004 (IHM theory manual)
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Study domain

Y |
Name (data source) Watershed Lat Lon. Dram(l?fl%)area__
Alafia River at Lithia Alafia 27.8719 -82.2114 8673
Streamflow Hillsborough River near Zephyrhills Hillsborough 28.1497 -82.2325 369.6
stations Cypress Creek at Worthington Gardens Hillsborough 28.1856 -82 4008 3029
Anclote River near Elfers Anclote 28.2139 -82.6667 187.7
Surficial CYC TMR-5 SH (SWFWMD) Hillsborough 28.2057 -82.4680
aquifer 521-I126As (TBW) Anclote 28.0730 -82.5800 -
monitoring STK-Starkey-20s (TBW) Anclote 28.1956 -82.6953
wells CBR-SERW-s (TBW) Springs coast 28.3151 82.5146
CYC TMR-5d (TBW) Hillsborough 282053 -82 4680
Hor;gm 521-Jcksn26d (TBW) Anclote 28.0730 -82.5800
aquifer . .
monitoring STWF 10 DP (SWEFWMD) Anclote 281963 -82.6951 -
wells CBR-SERW-d (TBW) Springs coast 283151 -82.5146
Masarvktown DP (SWEFWMD)* Springs coast 28.3740 -82.5262
Springflow Lithia spring Alafia 27.5159 -82.1353
stations Weeki Wachee spring Springs coast 283048 -82 4680 i
*: Unconfined Flonidan aquifer monitoring well. Corresponding surficial aquifer, therefore, does not exist.

[

A  Springflow station

®  Unconfined Floridan aquifer well
®  Surficial/Floridan aquifer well pair
X Streamflow stations

—  Streams

[ watershed boundaries
INTB sub-basins

80 7 welifields

Kilometers




Hydrologic implication (Streamflow)

Monthly average stramflow

25 -
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. The BCSD method tends to underestimate streamflow for the wet season more than the SDBC and BCSA methods
at all stations due to the high spatial correlation of the BCSD daily precipitation fields and higher frequency of
low precipitation events resulting in higher evapotranspiration




mean error (m3/s)

Mean of errors in streamflow simulation

Mean of errors (simulated—-calibrated) of monthly average streamflow over four
GCM results for each target station
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Mean of errors in streamflow simulation

Mean of errors (simulated—calibrated) of temporal standard deviation of daily
streamlfow over four GCM results for each target station
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Frequency of daily streamflow events
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The frequency of daily streamflow was not reproduced by SDBC as closely as for the BCSA results.
Comparing the , it is evident that the under/overestimations of extreme events is canceled out when
ating only the monthly mean streamflow.
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Summa
ry cf. SOM, SDQDM

BCSD SDBC BCSA

* Precipitation prediction

« Annual mean cycle (@) 0] O
« Temporal mean 0] O O
» Transition probability X 0] O
* Frequency of events A X O
« Wet & dry spell length X A O
« Temporal variance JAN AN O
« Spatial variability X A @)
 Hydrologic simulation
- Annual mean cycle X 0] 0]
« Temporal variability X X O
* Frequency of event (@) X O




Drawbacks of BCSA

» Conducted independently
> on a daily basis and

- At each GCM grid

/71 day 1
»  Stationary covariance 1
// fj !f I NN
Replicates /7]
library day 2
[ |
[ |
» Advantages: o

o

Can downscale into any temporal (hourly, daily, monthly) and spatial scale (e.g., gridded,
irregularly distributed points)

Generate Ensemble of possible local scale precipitation patterns

Uncertainty due to the downscaling process could be examined using collection of equally
probably downscaled climate fields




Evaluation and selection of
Downscaling methods




Screening the method to use for application?

GCMs Future climate info.
(AR5, RCP scenario)

- PCMDI (CMIP5)

GCM evaluation Screening

Screening GCM Model weighting

»  Physical probability
*  Global scale

e  Climatology

*  Purpose:

Downscaling _ _ _ _
methodologies Spatially detailed climate info.
- BCSD, BCCA, SDBC, BCSA,
etc.

Method evaluation Selecting

Method selection intercomparison

Statistical estimation
Regional/local scale
Extreme, diurnal cycle
Purpose:




GCM skill evaluation
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Standard deviation

How GCMs work?

Performance evaluation
at different resolution

with different observation

For different criteria
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How different Models are---

Dissimilarity Dissimilarity
0 0
L » [ >
iap_fgoals1_0_g.run1 giss_aom.run1 —
inmem3_0.run1 :' ‘ giss_model_e_h.run1
: giss_model_e_r.run1
giss_aom.run1  —— iap_fgoals1_0_g.run1
tas ERA=40 —
tas_ NCEP
tas_ MERRA

inmem3_0.run1

mri_cgcm2_3_2a.run1 ipsl_cm4.run1
_l 1 =~
i— ingv_echam4.run1

mpi_echam5.run1

~ miub_echo_g.run1 ukmo_hadem3.run1
ingv_echamd4.run1 -

:I— pr_CMAP

pr_GPCP
csiro_mk3_0.run1
miub_echo_g.run1
mri_cgem2_3 2a.runl —

ccecma_cgem3_1.runi
ccema_cgem3_1_t63.run1 :l_

csiro_mk3_5.run1

csiro_mk3_0.run1
csiro_mk3_5.run1

ukmo_hadem3.run
ukmo_hadgem1.run1

ipsl_cm4.runt
mpi_echam5.runi

ccema_cgem3_1.run1 ukmo_hadgem1.run1i
ccecma_cgem3_1_t63.run :I

giss_model_e_h.run1 B :I I—‘
giss_model_e_r.run1

(Masson and Knutti, 2011) Hierarchical clustering of the CMIP3 models for (left) surface temperature

and (right) precipitation in the model control state. Models from the same institution and models

sharing versions of the same atmospheric model are shown in the same color. Observations also are
L the same color. Models without obvious relationships are shown in black.




Messages to take home

Statistical downscaling
Matters to be attended---.

» Why downscale?... Overdoing downscaling?

v

Specify the study objectives

For mean values, the simpler statistical downscaling methods perform comparably to the more
sophisticated methods

For extreme values, the more sophisticated methods (e.g., quantile mapping) are needed

— the more sophisticated the method, the smaller the future change projected for the warmest
extreme temperatures in the U.S.

v

Select technique
The more sophisticated, the better?

v

What to evaluate

downscaling purpose vs. downscaled results

How to evaluate

Evaluations may vary by applying different observations, resolutions, index, matrix, etc.
a danger of getting the right result for the wrong reason by tuning the wrong end of the model

(”‘:

x

>




Messages to take home

|dea *  Probablistic approach with statistically downscaled results
=) Stochastic concept
. Quantifying uncertainty of processes =) credible impact assessment

Downscaling--- Added value?

* Once we have more regional detail, what difference does it make in any given
impacts assessment?

«  What is the added value?
« Do we have more confidence in the more detailed results?

Issues
»  GCM boundary conditions are a main source of uncertainty for most downscaling
techniques

» Different downscaling methods can yield different scenarios even when forced with
the same GCM

»  Ability to downscale the current climate does not guarantee accuracy about
downscaling the future

Inter—comparison of statistical downscaling techniques
parison of statistical & dynamical downscaling (e.g., CORDEX)




Thank you!

For more details, swhwang@gnu.ac.kr

W9 pace with a changing environment for the futurel!ll




