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Exceptional events are hard to characterize

2009 floods in the Amazon: worst in >100 years
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Only two years later
it happened again!
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de Andrade, M.M.N. et al. (2017). Flood Risk Mapping in the Amazon.

How to characterize exceptional weather events statistically ( ===

Conventional method: Generate more data + Generate more data +
statististical extrapolation statististical extrapolation  No extrapolation
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Advantage of having big data No assumption on statistics

Analysis of extreme high discharge in the Amazon River. Left: GEV-fits based on
100 years of data. Middle: GEV-fits based on 2000 years of data. Right:

Empirical distribution estimate based on sampling of 2000 years of data.
Van der Wiel et al., 2019 3

We can find exceptional weather events within model worlds

With a surge of open workflows

. and open data, numerous

& approaches have become

& available to ‘generate more data’

BN and study high-impact events
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As we are crunching our models,
. we see exceptional weather
events occuring across the world

How to make our scientific knowledge land in practice?

- Building confidence in our simulations through thorough evaluation
- Combining multiple lines of evidence
- Co-designing information with practitioners

For example,
through additional
assessments of

j high-impact events
%@

Evaluate
robustness to
‘blind spots’

Standardised approach for stress-testing in The Netherlands
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Interpreting extreme climate impacts from large ensemble simulations
are they unseen or unrealistic?

Timo Kelder*, Tim Marjoribanks, Louise Slater, Niko Wanders, Rob Wilby, and Christel Prudhomme
*timo@climateadaptationservices.com

Large-ensemble climate model simulations can provide
deeper understanding of the characteristics and causes
of extreme events than historical observations,

thanks to their larger sample size.

The use of large-ensemble simulations to deepen
understanding of climate-related risks hinges on
the realism of the simulations.

Takeaway challenges

 Complexity of appreciating the adequacy of model properties

o Differences between simulated and observed distributions cannot statistically
be explained under natural variability and uncertain observations

* There is high sensitivity of the simulations outside observed variability to the
bias adjustment method, but use of such adjustments are often simply required
to meet the needs of impact models

* For the most extreme floods, which may have unique driving mechanisms,
single event analyses can provide insightful information in addition to the general,
averaged, relationship between floods and teleconnections

e Sensitivity of results to the event definition, model and reference data,
evaluation metrics, applied solution (such as bias correction), statistical methods,
and framing (Kelder et al., 2022)

Don’t hesitate to get in touch if you are also keen
to Improve our preparedness to high-impact events!
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A three-step procedure for evaluating climate model extremes

Simulated extreme lying beyond observed variability
) 4

Model properties (Step 1)

Reason to dismiss simulations of target extreme events? Yes

- Review known model shortcomings
e.g. - Spatial-temporal resolution
- Parameterisation of key processes

v No v

Statistical features (Step 2) Bias adjustment

Inconsistent with observations? Tied to observations? Yes* P
_y unrealistic

event

- Compare extreme statistics of - Test sensitivity of raw
simulations with observations and adjusted simulations

v No A

Physical credibility (Step 3)
Credible processes leading to simulated unseen event?

Increased confidence

-ldentify processes:
e.g. - Spatio-temporal build-up NG
- - Atmospheric drivers
T -> - Processes in impact model

Similar but more intense to ‘seen’ event?
Different process but theoretically plausible?
Are these processes represented realistically?
(feeding back into Step 1)

v Yes

Simulated unseen extreme event

* Acknowledging that the evaluation and correction of unseen extremes are restricted by the brevity of observed records,
one may wish to further assess the physical credibility if the simulations are inconstistent with observations

Example of the three-step procedure applied to Amazon floods

e Step 1. Spatial resolution of 1x1° and daily temporal resolution is coarse, but no reason to dismiss monthly
flood simulations over the Amazon a priori.
e Step 2. Simulations show a skewed distribution that could be caused by infrequent compound behaviour
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OBSERVED . UNSEEN Qmap UNSEEN scaled UNSEEN unadjusted very extreme events!

a-d) The distribution characteristics of annual maximum streamflow before (orange) and after applying quantile mapping (red) and scaling
(green) are compared to observations (blue). Histograms show the distributions bootstrapped to the length of the observed record and
dashed lines indicate the 95% confidence intervals. e) Extreme value distribution for the historical record (blue) alongside the UNSEEN
streamflow large ensemble, both before (orange circles) and after applying quantile mapping (Qmap, red) or a scaling factor (green circles).

e Step 3. ldentifying the driver of the largest simulated Amazon flood showed southern tributaries are driven
by a rare error in the correction of precipitation. Thus, these events are in this case deemed unrealistic.



