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Outlime

B A case study to statistically downscale North
China summer rainfall




' Physical basis of timescale decomposition (TSD)

Statistical downscaling is one of important methods that can potentially
assist in the assessment of climate models and overcoming model
uncertainties accompanying future climate projections as well.
Feature of multi-timescale variability: Physical phenomena are usually
characterized by multi-timescale variability;
Physical cause: Variations at different scale are controlled or driven by
different climate factors;
Timescale decomposition (TSD) model: a downscaling model used without
TSD will make multi-timescale signals to disturb each other, could not find
real casual factors and will introduce spurious signals and noise into the
model, and finally lead to low prediction skill.
Thus, it is of great importance to introduce TSD statistical downscaling model
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TSD statistical downscaling model

Variability at different
timescale is controlled by
different climate factors
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Some key downscaling schemes
e C CVSR:

* PC_CVSR:
* CSD (Conditional statistical downscaling)

- Shortcoming in traditional downscaling schemes :

1. Only focus on the local predictive signals surrounding the target region, miss the
remote predictive signals that exert their influences through teleconnection

2. Lack relevant explanation of the physical mechanism in statistical model

Propose a correlation analysis based cross-validation stepwise regression
downscaling scheme (C_CVSR)

Key steps: 1. To identify potential predictors at global scale via correlation analysis

2. To select effective predictor from potential predictor set by a ‘forward’
cross-validation stepwise regression (CVSR) method;

3. To determine the final predictor through physical analysis;

4. To fit regression equation by least square method.
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S1. TSD Determinatio
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A case study o
rainfall over North China
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S$2. Searching Potential Predictors

» Large-scale Climate Indices:
* SAMI, NAMI, Nino3, PDOI, AMOI, etc.

» Atmospheric circulation:

* SLP, geopotential height, horizontal winds, etc.

» Lower boundary forcings:
e SST, sea ice, Snow cover, etc.

» Preceding signals

» Decomposition into inter-annual (<8a) and inter-
decadal (>8a) components by Fourier filter

» Training period: 1951—1990
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* Possible predictors for inter-annual (IA) variability

Correlations between JA Ryc
and climate indices as well as
other factors at inter-annual

timescale ugust (JA)
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PC_CVSR
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+ Possible predictors for inter-decadal (ID) variability

Correlations between JA Ry
and climate indices as well as
other factors at inter-decadal
timescale
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S3. Identifying final predictors based on physical analysis

Drivers for IA variability: (1) ENSO
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Drivers for 1A variability: (2) NAO and AEA

NAO in June =» SSTA tripole in June = Tripole in JA
= Atlantic Eurasian (AEA) teleconnection = North China

North Atlantic
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Drivers for ID variability: Indo-Warm pool SST and SWI SLP
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Conditional statlstlcai downscaling (CSD) Scheme

for multi-factors (e.g. IA variability )
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TSD model for JA Rainfall over NC
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Application to operational
seasonal prediction
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Summary

» A time-scale decomposition (TSD) statistical downscaling
model is proposed. It makes use of distinct downscaling
models respectively corresponding to different time-scale
variability with distinct different mechanisms.

Objective techniques: C_CVSR, PC_CVSR and CSD schemes
A case study of JA rainfall over NC

* Inter-annual (IA) timescale: related with © June Nino3, and
@June AEA pattern.

* Inter-decadal (ID) timescale: under related with June SST over
Indo-Pacific warm pool, represented by SLP over SW I10.

Good performance of the TSD model for seasonal prediction
of JA rainfall over NC in 2011 and 2012 |mpI|es it could be a
useful tool for seasenalspred
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Correlation of El Nino and AEA with NCSR at strong and
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Four Cases

Both strong
Opposite sign

J

Both strong
Same sign
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Conditional statistical downscaling (CSD) scheme

et 0.5 standard deviation as a criterion to find the strong and
weak event year of El Nino and AEA, forming four cases as
follows: ‘

 For each case, distinct
prediction model should be used

e To develop individual
prediction model for each of the
four cases, using the whole 61-
year observation data
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Improvement in prediction model of NCSR

» 3.1 To identify new precursor with partial
correlation method (PCM)

» 3.2 Conditional statistical downscaling model




