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Outline

• IRI/CPC ENSO Forecast


• IRI Seasonal and Sub-seasonal precipitation forecast and verification


• Weather Regime diagnostic tool applied CFSv2 ensemble forecasts 


• Sub-seasonal forecast, 1-45 days ahead


• S2S seamless forecast, 1 day to 6 months ahead


• Cross timescale interactions between MJO, La Niña and the Stratosphere 
Quasi-Biennial Oscillation in the context of water year 2022



S2S Climate Services  
for Water 

Next Generation Earth System Prediction: Strategies for Subseasonal to Seasonal Forecasts  http://www.nap.edu/21873 



Oct 2021, IRI/CPC Multi-model ENSO Forecast
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May 2022 Sneak Peek (issued on 19th of the month) 



IRI NMME-based Calibrated Seasonal Precip. Forecast 

Forecasts favor Below Normal tercile precipitation over Southwestern US: with 50-60% confidence 
   Dry forecast-tendencies extend further north over California as compared to NDJ season .

NMME models* : CanSIPSv2, NCEP-CFSv2, COLA-RSMAS-CCSM4, GFDL-SPEAR

Training period : 1991-2020
 Predictand : CPC-CMAP-URD 1x1, MOS: Extended Logistic regression, Predictor : NMME models precipitation 

http://iridl.ldeo.columbia.edu/SOURCES/.Models/.NMME/.CanSIPSv2/
http://iridl.ldeo.columbia.edu/SOURCES/.Models/.NMME/.CanSIPSv2/
http://iridl.ldeo.columbia.edu/SOURCES/.Models/.NMME/.NCEP-CFSv2/
http://iridl.ldeo.columbia.edu/SOURCES/.Models/.NMME/.COLA-RSMAS-CCSM4/
http://iridl.ldeo.columbia.edu/SOURCES/.Models/.NMME/.GFDL-SPEAR/


Nov-Mar Season Rainfall and Temperature Forecast : 2021-22 

Models (NMME) : CanSIPS-IC3, NCEP-CFSv2, COLA-RSMAS-CCSM4 and GFDL-SPEAR

Training period : 1991-2020
 Predictand : CPC-CMAP-URD 1x1, MOS: Extended Logistic regression, Predictor : NMME models precipitation 

 Precipitation:
Season : NDJFM, Initialization: October 

 Temperature:
Season : NDJFM, Initialization: October 

5-months season, Using IRI System 

Similar to 3 month forecast; Dry southwest and wet northwest and Alaska are likely

Warm South-east and cold Alaska and western Canada 



Nov-Mar Observed Category vs Forecast

1991-2020 climo

Precip Observed Category (CPC data) Precip Forecast issued in October



IRI Flexible Format Seasonal Forecasts

User-selectable thresholds: 20%-ile shown



IRI SubX-based Calibrated Sub-Seasonal Precip. Forecast 
Forecast  issued : 3 Dec 2021
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Verification

Models (SubX) : NCEP-CFSv2, NCEP GEFS, and NOAA/ESRL FIM HYCOM
 Predictand : Global 1˚ CPC UNIFIED precipitation , MOS: Extended Logistic Regressions,  Predictor : SubX model precipitation

http://iridl.ldeo.columbia.edu/
maproom/Global/

ForecastsS2S/index.html

Forecast are issued 
weekly on every Friday

Verification



North American Daily Circulation Patterns
“Weather Regimes” = Summary description of variability in terms of 4 large-scale recurrent daily patterns

Surface Weather ExpressionsMid-Tropospheric Pressure Anomaly Patterns

K-means analysis 
of Z500 daily 

Oct-Mar fields 
from MERRA 

reanalysis data  
[150E-40W, 
10N-70N], 
1982-2015 

Anomalies from the 
mean seasonal cycle, 
filtered to retain larger 

scales using 10 
leading EOFs of  5-day 

running averaged 
data.

Robertson et al. (2020, DOI: 10.1175/MWR-D-19-0285.1) 

Z500

Ridge 

Regimes



Dynamical Ensemble Prediction

founded chaos theory as a result of his attempt to quantify atmospheric
predictability. From his conclusion—that unstable systems have finite,
state dependent limits of predictability—was born the need for encap-
sulating the growth of initial condition uncertainties, their evolution as a
function of the atmospheric state, and errors introduced by imperfect
models. The recognition of imperfect forecasts24 and determining how
to calculate analysis and forecast uncertainty using an ensemble
approach25 represent major and unique accomplishments in physical
sciences. This is particularly true for the prediction of highly variable
parameters like precipitation (Fig. 3), where ensemble spread quantifies
forecast uncertainty of rainfall location and intensity and thus provides
essential information to users.

The nonlinear complexity of the system means that purely statistical
methods to assign an uncertainty to the forecast are inadequate. Instead,
an ensemble of many complete, physical, nonlinear realizations of the
system is needed26,27, providing a seamless analysis and forecast ensemble
in which observational information is used to reduce uncertainty. In
practice, the ensemble members are created using perturbations, equival-
ent to analysis and model errors, added to the initial state and the model
physical processes. Determining these perturbations consistently and
seamlessly so that the ensemble provides a good estimate of uncertainty
across a wide range of prediction scales is challenging, and the input of
mathematics and statistical physics expertise was crucially important28,29.
Weather forecasts today involve an ensemble of numerical weather pre-
dictions, providing an inherently probabilistic assessment.

Model initialization
Early methods for the specification of initial conditions were based on
the analysis of graphical and synoptic weather charts. Various forms of
interpolation procedures were later replaced by data assimilation tech-
niques based on optimum control theory30. The derivation of the current
state (called the analysis) of the atmosphere and surface is treated as a
Bayesian inversion problem using observations, prior information from
short-range forecasts and their uncertainties as constraints as well as the
forecast model31,32. These calculations, involving a global minimization,
are performed in four dimensions to produce an analysis that is phys-
ically consistent in space and time and can deal with huge amounts of
observational data that are heterogeneously distributed in space and
time (such as the vast amount and diversity of satellite data used for
Earth observation since the 1980s). Since initial state uncertainty estima-
tion is also crucial for ensemble prediction and because data assimilation
employs both imperfect observations and forecast model, ensemble
methods have also become an integral part of data assimilation33, as
shown in Fig. 4.

The operational implementation of these four-dimensional variational
(4D-Var) data assimilation techniques34 marks a major milestone in
operational global NWP. At the European Centre for Medium-Range
Weather Forecasts (ECMWF) this occurred in 199735, followed by

Météo-France in 200036, the Met Office in 200437, both the Japan
Meteorological Agency38 and Environment Canada in 200539, and the
United States Naval Research Laboratory in 200940. Development and
first implementation of 4D-Var took more than 10 years, and further
research has substantially refined the main ingredients. These were
the increasing use of satellite radiance data by combining the forecast
model with computationally efficient radiative transfer models41,42,
the much refined characterization of short-range forecast43 and obser-
vation errors44 using state dependent weights for each, and better use of
observations arising from significant improvements of physical
parameterizations45.

Predictability and predictive skill
A continuing and important area of research focuses on the sources of
predictability in the Earth system. Forecasting future weather is like a
battleground, with the forces of predictability pitched against those of
unpredictability. The sources of predictability include large-scale for-
cing of smaller-scale weather, teleconnections or the chain of predict-
ability across different geographical areas46, and the interactions
between atmosphere, land surfaces and vegetation, sea-ice and ocean
acting on longer timescales. The sources of unpredictability include

2 5 15 40 70 85
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uncertainty

TimeAnalysis

Initial condition
uncertainty

Figure 3 | Schematic diagram of 36-h ensemble
forecasts used to estimate the probability of
precipitation over the UK. A single forecast (red
frame, centre) is generated by integrating the
model forward in time from the analysis of initial
atmospheric state (left). Small perturbations to the
analysis, within known analysis uncertainty,
provide an ensemble of forecast solutions, which
sample the forecast uncertainty (multiple frames).
These solutions are combined, including some
spatial neighbourhood sampling, to provide a
smooth estimate of probability of precipitation
(right). Image courtesy of K. Mylne (Met Office).
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Figure 4 | Schematic of the ensemble analysis and forecast cycle. Global
ensemble forecast trajectories, which have been initialized by a previous
analysis ensemble, are produced over a time window (for example, 09:00–21:00
UTC). These provide estimates of the current weather (first guesses). The
difference between these forecasts and available observations (shown as data
points with error bars) is the short-range forecast error. By minimization in
four dimensions employing variational techniques, improved estimates (4D-
Var trajectories) are created with reduced distance to observations. The next
cycle of ensemble forecasts is then initialized from these refined analyses. Image
courtesy of M. Bonavita (ECMWF).
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CFSv2 Forecasts of Weather Regimes 
Days 1–45 ahead
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๏  3-day lag-ensemble 
mean CFSv2 forecast 
500 hPa anomaly 
fields are projected 
onto reanalysis 
weather regime 
patterns 

๏  Colors indicate the 
regime 1-4, with 
saturation indicating 
the probability (given 
by the number of 
lagged-ensemble 
members closest to 
that regime centroid)
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http://wiki.iri.columbia.edu/index.php?n=Climate.S2S-WRs

Regime Occurrence  
Probability



Day-by-Day Evolution of CFSv2 Forecasts: Year 2021-22 
Days 1–45 ahead
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http://wiki.iri.columbia.edu/index.php?n=Climate.S2S-WRs

Persistence of Pacific 
trough in Oct-Nov was 
anticipated in early 
October. 

Pacific Ridge/West Coast 
Ridge transition in early 
January was anticipated 
about 2 weeks ahead. 

Analysis

Regime



MJO Evolution

Stan et al. 2017:  https://doi.org/10.1002/2016RG000538

This Phase 6-7 MJO east-west dipole in tropical 
convection is efficient at exciting the PNA 

pattern with the ridge (orange shading) situated 
over western N America …

… thus the transition from Pacific Ridge to West 
Coast Ridge in early January 2022 was like 

driven by the MJO

https://doi.org/10.1002/2016RG000538


Comparison of past two winters
2020–21 2021–22

After a wet start, the Pacific Trough was shut out in 2021-22, which was 
dominated by ridging in both the observations and the forecasts. 

Winter 2020-21 was much more variable, and less predictable.



Seamless S2S Forecasts 

Zhu, H., Wheeler, M. C., Sobel, A. H., & Hudson, D. (2014). Seamless Precipitation Prediction Skill in the Tropics and Extratropics 
from a Global Model, Monthly Weather Review, DOI: 10.1175/MWR-D-13-00222.1

1m1m

2m3m

Monthly 

Forecast

Seasonal Forecast

Month 2 Month 3+4+5 

(Traditional 
“Lead  2”  
seasonal 
forecast)



Seamless Evolution of CFSv2 Forecasts 

F o r e
 c a s t e

 d  R e g I m
 e

F o r e c a s t  I s s u e  D a t e

Month 6

Month 5

Month 4

Month 3

Month 2

Beyond 1 month, the 
forecasts made in 

October were 
dominated by the 
West Coast Ridge 
and Pacific Ridge
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Number of Regime Days Oct 1 – Mar 31: Observed vs Forecasted

The prevalence of 
ridging was 
captured in both 
La Niña winters.
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Climate Drivers
Geopotential height (500hPa) Composites for La Niña and Easterly QBO 

/QBO Neutral

Height Anomaly (m); Dec–Mar; 95% significance; daily samples 1979-2017

 Midlatitude Response to Madden‐Julian Oscillation Events on S2S Time Scales

Tseng et al., 2017

5-9 days lag 5-9 days lag

Pacific Ridge during La-Niña West Coast  Ridge during La-Niña+QBOE

Week after MJO active in phase 3 -> Pacific ridge Week after MJO active in phase 7 -> west coast ridge 



Summary

• The IRI ENSO outlooks and NMME-based precipitation forecasts for the November-March period, issued in 
October 2021, were broadly correct. 


• They correctly predicted La Niña and below-normal precipitation over the Southwest and California with 
high confidence.


• The weather regime tool based on CFSv2 seamless forecasts from 1 day to 6 months in advance, was issued 
every day Oct 1 – Mar 31.


• The regimes provide temporal context and continuous guidance on a daily basis, with opportunities for 
action based on seamless days —> months information 


• After a wet start, the Pacific Trough was shut out in 2021-22, which was dominated by ridging in both the 
observations and the forecasts.


• Transition to West Coast Ridge in early January 2022 can be attributed to a strong MJO event in December


• The previous winter 2020-21 was much more variable, and less predictable.


