How to prepare climate projections?

To account for
potential offset and
uncertainty of
climate projections
in MSE-simulations
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Goal

environmental
covariates for the
historical part
Downscaled
climate-projection
available

What to do now?

AN

What can you do to integrate environment-productivity
relationships into MSE

| have historical observations

| have projections from
climate model(s)

For non-trending
covariates, use simple
stochastic model (e.g.

For trending
covariates,

cautiousl )
y AR1), resampling, or
extrapolate s
G e semi-Markovian
with noise

algorithms

¥

Specify multiple operating models (OMs)

No environment-productivity relationship in reference OM with alternative
environmentally-driven OMs spanning potential scenarios

)

| need to conduct my MSE

Avoid long projection periods into distant future

Devise useful performance metrics with stakeholders

Investigate how choice of time period impacts performance metrics

Calculate OM-specific reference points

Consider devising and using empirical indicators for comparison with ‘full
assessment’

Step l [ Condition } ’ Action | [ Practice

WKecoMSE-report 2024




What type of data to use for the history,
what type of data to use for the future?

General description Timespan of available data (e.g. North Sea)

Historical data Historical data

- Use of observational data or 1948 - 2020 | o lﬁﬁ’.’@’?ﬂﬂﬁﬁ

reanalysis to capture the interannual 1958 - 2021 | W — currents (ORASS)
signal

- Data sources that span a large
historical period (1960/70s — now) Climate projections

- Data that has an aquivalent in the
respective future projection BOLCOMS.ERSEM |
- L

(projections) A
Climate projections (future data) | 2004 + 2099 (RCP8.5)

- RCP4.5 and RCP8.5 climate
projections from a regionally-
downscaled ocean model




How to link historical and future data?

Continous data

Bias-

v

product (history +

future) e.g. NEMO-MEDUSA

1980 — 2099 (RCP8.5)

correction

Just continue!

(and be aware that for the historic period the
interannual pattern might be not perfectly
resolved)

Different data
product for history
and future

\ 4

Historical data

1948-2020 Sty (AHOD

1958 - 2021 1 | . — curents (ORASS)

Climate projections

|
POLCOMS-ERSEM |

(projections) = |
2004 12099 (RCP8.5)

Bias correction needed!

- Correct for the offset and/or different
variance of historical and future data

Raw temperature Bias-corrected temperature
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How to link historical and future data? Tutorial to do it in (R :

Bias correction of climate projections

Bernhard Kuehn

14-06-2023 https://figshare.com/articles/software/Tutorial_-

B i a S co rre Cti O n : ) '””‘?,"Egﬁj@m e _Ways_to_bias_correct_climate_projections/23514618

+ step-by-step guide for bias correction
o 1, pre-processing and data preperation
o 2. Mean Bias correction

- Bias correct future projections

o 4. Quantile mapping
+ Write out and store on the disk

to match with historical data

Introduction

o . Often historical data used for fitting environment-species relationships and climate projections do not originate from the same data source.
° There could be a considerable offset between historical environmental data and climate projections. To match both of these datasets to the
D I ffe r e nt m et h o d s t O d o t h I S ° same scale bias correction is needed. In this tutorial | will explain a few relativelv simple wavs on how to do this, namelv mean-bias correction
. .
- Delta method (mean-bias correction) N

— model distribution

- Quantile mapping (Q-mapping) e

:
:
Mean-Bias correction Quantile mapping
- Just remove the mean-bias - Try to match the eCDF (empirical B
(offset) between historical and distribution function of the data) T Moo
fU'tUl'e data (fOI’ eaCh grld'p()'nt In 9 aIIOWS _to i | Mean-Bias correction Quantile mapping e
the case of spatio-temporal data) 020 wu -
correct for || nistorica

the variance 5
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- e. . b CaICUIatln the Offset |n . . 0.157 .5 bias correction
g.- by . 9 differences in o.10- % RCPA-3b ;
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Mean-Bias correction

* Simple way to correct for the difference
in mean between two time series/
spatial grids

steps:

1. decide on atime period for which to remove the
mean bias (offset) e.g. the mutual overlapping
period

2. calculate the mean for the historical time series
and the projected time series in this overlapping
period & calc. bias

Horoj

W! !’E Mean -bias

I I
2000 - 2050

bias = Hproj — Hnist

3. remove the offset from the projection

tSproj,corrected — tsproj,raw — bias



Different trend, different variance

Overlap
——

Quantile-mapping (Q-map):

- Doing a Q-mapping directly on the raw data is not
trend-preserving

- Therefore one needs to do several pre-processing
steps to get meaningful results

______________________

! . } Mean bias
! projection

"] historical
I [

steps: detrending
1. decide on a time period to base the quantile mapping on - aka the
‘correction time period’ = remove the individual trends from both
the historical part and projection in this ‘correction time period’

2. perform Quantile mapping on this trend-corrected data

3. remove the trend from the whole projection period (e.g. 2006 -
2100)

4. apply this fitted Qmap-model to this trend corrected data for the
whole projection period

5. calculate the mean-bias (same as for the delta correction method
above) for the chosen ‘correction time period’

6. add everything back together: the gmapped-projection - the mean
bias + the projection trend

Q-mapping

Q-map +
7] trend + bias
removal
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- Sometimes only one future climate
model output available

Uncertainty in future

environmental data = Only one time series (aka realisation)

Uncertainty of e.g. temperature available
In a stochastic MISE simulation, we
need more than one realisation to run
Monte-Carlo simulations

Various different | | Between-model
climate models variability/uncerta

POLCOMS-
ERSEM

---------
------
-----

...........
------

.........
- =T

Only one climate within-model
model variability/uncertainty - ldea is now: create realisations that capture the
variability and autocorrelation of the original
time series, but also relationships between

One realisation several realisations
preserving trend and
autocorrelation of the data

POLCOMS-

different variables (cross-correlations between
e.g. temperature and salinity)

ERSEM




Uncertainty in future
environmental data

Only one climate .| within-model
model variability/uncertainty

POLCOMS-
ERSEM

Use Bayesian Vector Autoregressive

models (BVARS) to create new (artificial time
series) that preserve trend, autocorrelation and
cross-correlations of the original data

- a Vector-Autoregressive process (VAR) is
basically the multivariate version of an
autoregressive process (AR)

- Model a variable based on own lagged
influences and past influences of other
variables

- Bayesian estimation allows for constraining
coefficients and a more stable fitting
procedure

How to generate muItlpIe runs from climate
projections?

30-08-2023

Bernhard Kuehn

Dimensionality
reduction (EOF-
decomposition)
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Summary

Steps to prepare environmental data for the explicit consideration in MSEs:

1. Choose adequate data for the history, which can be complemented with
available time series of future climate change

2. Bias correction if needed

3. Address future incorporation of climate variability/uncertainty

Summary




