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ENSO Advances

» Understanding ENSO Diversity

 Leveraging multi-model ENSO predictions: North
American Multi-Model Ensemble (NMME)

» Probabilistic Predictions of ENSO Strength

« Communicating ENSO




Central Pacific vs. Eastern Pacific
El Nino

The stronger El Nifio events
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Continuum of different ENSO Flavors

Johnson 2013 “How Many ENSO Flavors can we distinguish”




Some Past El Nino events
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El Nifio Flavors are related to EI Nino strength/amplitude

Relationship between strength of EL Nino events and longitude (GFDL CM2.1 model)
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Data shown above are based on a long run of the GFDL climate model.
https://www.climate.gov/news-features/blogs/enso/enso-flavor-month



Same analysis using ERSSTv5 and OLR observations from 1979-2019

All Nov-Mar El Nino Months
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Dots shaded green are those with enhanced convection in the Central Pacific is greater
than one standard deviation (significant coupling)



The maximum SST anomalies across the Pacific
are strongly related to the Nino-3.4 Index (1950-2019)

El Nino Months (r=0.93) Nov-Mar
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Nifo-3.4 anomalies are an indicator of maximum SST anomalies even if the maximum
SST anomalies lie outside of Nino-3.4 region.



Can we distinguish different impacts from Flavors?

If located near/within the tropical Pacific, the location and amplitude of the
maximum SST anomaly can matter a lot.

“Coastal El Nino” of 1925 and 2017:

Sea surface temperature anomalies
Feb-Apr 1925
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https://www.climate.gov/news-features/blogs/enso/enso-forecasters-offices-getting-coffee



Can we distinquish different impacts from Flavors?

Winter (December-February) precipitation during strong, moderate, and weak La Ninas since 1950
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NINO3.4 S5T anomaly plume

C3S multi-system forecast from 1 Mar 2019
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Nino3.4 Index for 2019 AMIJJAS
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Why are multi-model ensembles used?

* No one model predicts every variable, every location, and every
timescale better than another

« Can leverage the strengths of each model by averaging them together
(can also weight certain models over others if you have a good reason
to do so).

« A multimodel hindcast outperforms a single-model hindcast of the
same ensemble size (Hagedorn et al., 2005)

» For Nino-3.4, skill advantage of multi-model approach (compared to
Individual models) is substantially greater than simply increasing
ensemble size and is consistent with the addition of new signals
(DelSole et al., 2014)




Prediction of Nino-3.4 Index by the
North American Multi-Model Ensemble (NMME)

Orange/Red Shading: Higher
correlations (more skill)

Yellow/Green: Lower
correlations (0 <r<0.5)

* Model skill is reduced
for forecasts made early
In the year (boreal
“spring barrier”)

* Predictions are quite

0 good beyond June/July
JFMAMJ JASOND (predicting N.

Target (month you are predicting) Hemisphere winter)

From Barnston et al. (Climate Dynamics, 2017)



Prediction of Nino-3.4 Index by Individual Models
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From Barnston et al. (Climate Dynamics, 2017)




NMME monthly forecasts, February 2019
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» If there is predictive info, the forecast will mean a change in the shape of
distribution (probability distribution function or PDF)
 The PDF is used to calculate the probabilities for different future outcomes
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» Understanding ENSO Diversity

 Leveraging multi-model ENSO predictions: North
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Shows a count or frequency of
Histogram your observational data
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Example of data you can plot:
06l (1) Station temperature over past 30 years (unconditional)
(2) Station temperature over past 30 years during El Nifio
events (conditional)
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This is an “Equal Chances” Forecast, which means the same probabilities are assigned to
each possible outcome (33.3% for below, normal, & above).
Also known as “Climatology.”
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Forecast is is often a change from “climatology” (the black curve)

In the case below the model forecast is predicting +1.0 expected value, which means there is
a shift in the distribution (green curve) to the right.

Because of this shift there is also a change in the probabilities.

Probability Distribution (r = 0 z-score = 1)
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Can we predict more than 3 categories
(El Nino —Neutral — La Nina)?

t .
0.7 5 Ca elgnrles

Frequency
o o o
=N o (=)

ot
w

.t
h

0.1
20% 20% 20%20%

-4 -3 -2 -1 0 1 2 3 4
Standardized Units



Skill in predicting ENSO strength PFEd_ICtIng 9 categories
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To Learn More...

ENSO forecast mash-ups: What's the best way to combine human expertise with models?
Author: Tom Di Liberto

July 1, 2019

As meteorologists and climate scientists, we talk about, think about, and commiserate about

forecasts a lot. One enhancement that NOAA's ENSO forecasting team has been working toward is ENSO Blog

the prediction of the strength of El Nifio or La Nina. And judging by the comments left on social A blog about monitoring and forecasting
media or under our articles, that's something you want from us too. El Nifio, La Nifa, and their impacts.

It was with that in mind that the ENSO blog’s own Michelle L'Heureux and colleagues set up an Disclaimer:

experiment for the ENSO forecasting team. She documents the results in a recent journal article
(which | am seventh author on (1)). The experiment demonstrated that skillful strength forecasts
were feasible, and also something else. It also revealed how we human forecasters can be too
conservative—and how wrong certain computer models are at times. Luckily, this experiment
identifies a new, more skillful way to mash up model intel with human expertise and intuition. How
nice is that?!

The ENSO blog is written, edited, and
moderated by Michelle L’'Heureux
(NOAA Climate Prediction Center), Emily
Becker (contractor to CPC), Nat Johnson
(NOAA Geophysical Fluid Dynamics
Laboratory), and Tom DiLiberto and
Rebecca Lindsey (contractors to

~ NOAA Climate Program Office), with

-

Monthly sea surface temperature anomalies, May 2019
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What is ENSO in a nutshell?

https://www.climate.gov/news-features/blogs/enso/enso-forecast-mash-ups-
what’s-best-way-combine-human-expertise-models
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ENSO Blog

ttps://www.climate.gov/news-features/department/enso-blog

Over 2 million unique page views since inception in 2014.

El Nifno & La Nifa (El Nino-Southern Oscillation)

Current Status What is ENSO? U.S. Impacts Global Impacts ENSO Blog

Equatorial subsurface temperature anomalies February 2018_La Nina
update: tuned in

February 8, 2018

A deep wave of warmer than
average water spread eastward
across the Pacific in January, one
sign that the current La Nifa is
weakening.

n .P‘, 18513 Pacific Ocean
S

Read more
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Image at left shows sub-surface temperature
250 anomalies in the tropical Pacific in January
- 900 2018.
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The Public:

Academic:
In clear language tell me

| have great new ENSO what the current state of
research on ENSO! ENSO and the forecast.
You should pay What do | need to pay
attention to it attention to and plan
and/or make use of for?




Elements of a blog post

. Clear writing style As few acronyms as possible;

« Light tone
 Pictures/graphics

carefully selective about
jargon

Conceptual rather than
mathematical explanations

more detail

s

references

Posts should be able to stand
alone

“El Nifo and La Nifa are nowhere to be seen!
Team Other Climate Phenomena wins the North American Winter Climate!” C O n n e Ct tO C u r re nt eve n ts
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Summary

« ENSO comes in a continuum of different flavors. No event
Is exactly like another event.

» Multi-model approaches generally result in a higher level of
skill and more reliable probabilities.

« Can produce skillful predictions of ENSO strength for a
larger number of forecast categories.

« ENSO Blog and similar efforts provide a way to connect
with users beyond technical discussions/maps.




Additional Slides
(Prediction Challenges)




ENSO Prediction Challenges

(1) Errors in the forecast model

(2) Incomplete or imperfect observations

(1) Natural Limits of Predictability (“Noise”)




Errors in the Forecast Model

Modeled sea surface temperature and bias
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“The cold tongue bias”

https://www.climate.gov/news-features/blogs/enso/challenges-enso-today’s-
climate-models




Errors in the Forecast Model

d) Triggering Frequency

Red line: Original
convection scheme

Blue line: New
scheme

Triggering Frequency (%)
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 Example: convection occurs too regularly and too soon
— improve the convection trigger

— Heated Condensation Framework (Tawfik and Dirmeyer)
— Eddy Diffusion — Mass Flux (Teixeira et al.)
— Super-parameterization (Khairoutdinov et al.; Stan et al.)
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Incomplete Observations

_Location and density of sea surface temperature observations

1860-1879

Months with at least one 55T observation (%)
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https://www.climate.gov/news-features/blogs/enso/dearest-tao-love-letter-marine-
based-observations




ncomplete Observations

Number of Buoys Reporting Data
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Natural Limits of Predictability

Using CMIP5 models (e.g. Wengel et al., GRL, 2018), estimate one-

third of variability in ENSO and its strength is controlled by transient

weather events (unpredictable chaos)

« Part of ENSO is likely not predictable beyond numerical weather timescales.
What IS predictable comes from positive feedbacks (e.g. Bjerknes).

Observations during spring of 2015 (prior to the strong 2015-16 El Nino)

Equatorial subsurface temperatures (Feb 17-Mar14, 2015)
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https://www.climate.gov/news-features/blogs/enso/déja-vu-el-nifio-take-two



hat we can do to improve ENSO Predictions?

Errors in the forecast model

-- test and improve our forecast models (e.g. Iimprove convection)
-- Improved data assimilation

(2) Incomplete or imperfect observations

-- upgrade and optimize our observing networks in and over the
tropical Pacific Ocean (e.g. Tropical Pacific Observing System
2020)

Warm pool
pilots

Red shading indicates TMA
Blue shading indicates Argo (enhanced 10°S-10°N)




