Tools for Subseasonal and Seasonal Forecasts:
Model Post-Processing, Calibration and Consolidation

Dan C Collins
NOAA Climate Prediction Center
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Outline

Outlooks use a combination of Dynamical and Statistical Models *:

Dynamical Models, Ensembles, Multi-model ensembles (MME)

Represent the major physical processes of the climate system
Post-processing

Correcting dynamical model forecasts using observations

Bias correction of the mean and variance of model output

Calibration

Using the skill of verified hindcasts or forecasts to calibrate probabilities in forecasts
Reliability :

Forecasted probabilities represent frequency that a forecasted event occurs (i.e. skill)
Statistical models

Use observed datasets, including reanalysis, to identify predictable signals for the
future climate state from the current climate state
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Ensemble Models

Each model has own biases and skill
. Ensembles: Models run repeatedly for a single set of initial conditions
. Ensemble models predict the likely outcomes

. Ensemble mean forecast anomalies tell us the signal or predictable
component of the forecast

. Ensemble spread tells us the noise or unpredictable component of the
forecast
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Methods to make Probability forecasts (using dynamical models)

1) Count ensemble members above threshold, “Raw model probabilities”
—  Model climatological mean removed
—  Bias corrected, sometimes for both mean and variance

2) Calibration: Ensemble Regression?!, Bayesian Joint Probability?, Probability
Anomaly Correlation® methods:

—  Removes bias
—  Correct the variance to be similar to observations
—  Correct for skill 1Unger et al 2009
—  Make a probability distribution 2\Wang et al 2009
3van den Dool et al 2017
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Week 2 Outlook
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NAEFS

North American Ensemble Forecast System
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NAEFS Forecast Probabilities in support of CPC’'s Week-2 OQutlook: Temperature
Bias Corrected from recent forecast verifications

GEFSBC-06Z Bias-Corrected Tmean Probabilities CMCEBC-00Z Bias-Corrected Tmean Probabilities NAEFS Bias-Corrected Tmean Probabilities
8-14Day Forecast Issued 2019-08-22 8-14Day Forecast Issued 2019-08-22 8-14Day Forecast Issued 2019-08-22
Valid 2019-08-30 to 2019-09-05 Valid 2019-08-30 to 2019-09-05 Valid 2019-08-30 to 2019-09-05
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Probability of Below Normal Normal _ Probability of Above Normal Probability of Below Normal Normal _ Probability of Above Normal Probability of Below Normal Normal _ Probability of Above Normal
90% 80% 70% 60% 50% 40% 33% 33% 40% 50% 60% 70% 80% 90% 90% 80% 70% 60% 50% 40% 33% 33% 40% 50% 60% 70% 80% 90% 90% 80% 70% 60% 50% 40% 33% 33% 40% 50% 60% 70% 80% 90%

NOAA GEFS Environment Canada NAEFS
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Week-2 365-day HSS Summary
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Spatial Maps of Heidke Skill Score for GEFS, ECCC, and NAEFS

E E rzig\/ Temperature Heidke Skill Score (Combined Categories)
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Week-2 reliability of reforecast-calibrated GEFS probabilities
compared to NAEFS, bias-corrected GEFS, and uncorrected GEFS

8-14 Day Temperature Reliability
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Forecast Probability

Reliability of week-2 probability forecasts including:
raw GEFS, bias-corrected GEFS, NAEFS MME, and reforecast-calibrated GEFS.
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Reforecasts & Calibration
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Calibration of Probability Forecasts using
Ensemble Regression

1) Derive regression equation
— Between the ensemble mean and the observations
— Apply to each ensemble member (i.e. each model run).

F*(m)= aF(m)+ b

2) Expected residual error for each member

- Residual error is what is left when subtracting the average ensemble spread
from the average mean square error (MSE).

0?=[MSE]=0,, *+&°

ens

— 271_PR 2
o g [MSE]=0,,7 (1 - R,?)
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 Ensemble spread is the average difference between ensemble members
(i.e. the standard deviation of all the model runs in an ensemble forecast)
 Ensemble regression allows variations in the spread of ensemble members to determine
the width of the PDF and the uncertainty in the forecast

Errors not accounted for by the spread are accounted for by Gaussian error distributions
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Brier Skill Scores for above normal (top 2 rows) and below normal (bottom 2 rows)
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Extended Range Consolidation
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Week-2 Consolidation: Reforecast-calibrated ECMWF + NCEP GEFS

Current Auto Forecast
e;ghtlng)

(Tercne%wjy Subjec ive.

Consolidation Reforecast Inputs (GEFS and ECENS)

GEFS-LEGACY-00Z Rfcst-Cal Tmean Probabilities
8-14Day Forecast Issued 2019-09-18
Valid 2019-09-26 to 2019-10-02

(Full distribution; Reliable Probabilties)

ECENS-00Z Rfcst-Cal Tmean Probabilities
8-14Day Forecast Issued 2019-09-18
Valid 2019-09-26 to 2019-10-02

90% 80% 70% 60% 50% 40% 33% 33% 40% 50% 60% 70% B0% 90% 90% B0% 70% 60% 50% 40% 33% 33% 40% 50% 60% 70% BO% 90%

Key Facts

Parameters: Mean Temperature / Total
Precipitation

Valid Period: 6-10 Day / 8-14 Day
Calibration Method: Ensemble Regression

Weighting Method: Counts

Output Types: Probabilities, Full Fields, Anomalies,
Weights
Probability Thresholds: Full distribution

Consolidation Probabilistic Qutput

(Temporally and Spatially Weighted)

Consolidated 8-14 day tmean issued 20190918
valid 20190926 - 20191002
5 4 |

> N
: ~
probability of Below Normal _Normal _Probability of Above Normal
E 90% B0% 70% 60% 50% 40% 33% 33% 40% 50% 60% 70% B0% 90%
degF

Consolidation Dynamic Weights
ECENS

ecens-reforecast weights for 8-14 day tmean
issued 20190918 valid 20190926 - 20191002

GEFS

gefs-reforecast weights for 8-14 day tmean
lssued 20190918 valid 20190926 20191002
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Full Field Output

Available for full distribution
50“‘ Percentile Anomalies

Full field 8-14 day tmean for forecast probability 50.0%
Issued 20190918 valid 20190926 - 20191002 (degF)

Anomalies for forecast probability 50.0% issued
20190918 valid 20190926 - 20191002 (degF)




Week 3-4 Outlook
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MME forecasts in support of week 3-4 US NOAA operational outlooks:

Above and below normal

Examining extremes and hazards into week 3&4
B Sl
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VALID 'DEC 367 2015 - JAn 08. 2018\ RERNS BEDYR NORAR: VAL NORMEL

* Probability of above and below normal temperature and precipitation
* Use a combination of dynamical and statistical model forecasts
* MME guidance plays a primary role in the subseasonal forecast
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Statistical Models
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Statistical model guidance: Multiple Linear Regression

Multipl
Pro

* Based on initial state of MJO and ENSO: RMM and Nino 3.4 index predictors
* Regression of climate indices to local temperature and precipitation anomalies

e Comparable skill to dynamical models

September 2019 | First WMO RCC Workshop ~ Washington DC
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PHASE MODEL MJO + ENSO + Decadal Trend

Johnson et al. (2014 — Weather and Forecasting)

Day 15-28 clim logy

Probability Density

Subset day 15-28
distribution
15-28 climatology for current E e

Probability Density
Probability Density
Probability Density

o
or P Anomaly

0
oooooooooo

oooooooooo
m m

* Days 15-28 forecasts of 7, P generated empirically from ENSO, MJO base states.
 ENSO: Niiho 3.4; MJO: Wheeler and Hendon (2004)

| First WMO RCC Workshop ~ Washington DC
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MULTIPLE LINEAR REGRESSION Model

* Predictors: All standardized (1982-2013 base)
over running 3-month period

— Daily Nino 3.4 index (OISSTv2)
— Daily Wheeler-Hendon (04) RMM1, RMM?2
— Linear trend

* Predictand: 7, or P anomaly

— Gaussian PDF then constructed using adjusted
climatological variance: J
1-R*

O

adj chmo

September 2019 First WMO RCC Workshop ~ Washington DC




Week 3-4 Dynamical Models
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Operational model guidance: NCEP CFS, ECMWF & JMA

sued 28Mar2019 ssued 27Mar2019
q 26Apr2019 2BApr2019

500 hPa height anomalies

September 2019 | First WMO RCC Workshop ~ Washington DC
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. Each dynamical model is bias corrected using model hindcast
. Calibrated PDFs made using hindcast skill of each model (ECMWEF, CFSv2, IMA)

Calibrated—ECMWF Tempera
Week—3/4 Fo

CFS plots missing? Click for alternate source.

CFS/ECMWF/JMA Correlation Weighted CFSVECMWEF/JMA Equal Weighted CFS/JECMWF Equal Weighted

CFS/ECMWF/JMA Correlation Weighted

Correlation weighted MME:
Above and below median
2-m temperature

. 2 2

Weight, =R, / E R,

m=1toM ,
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Brier Skill Scores of DJF temperature forecasts :

CFS Brier/RPSS [1999 - 2010] | DJF CFS Brier/RPSS [1999 - 2010] | Calibrated | DJF

calibrated (right)
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Automated Blend: Combining statistical and calibrated dynamical models

w,*MLR + w,*ECMWF + w,*NCEP_CFS + w,*/MA

‘Week 3-4 Forecast Tools Page

Official Forecasts and

SubX Week 3.4 Forecasts E

Select  forecast date: 2019/03/29

Week 34 Week-3  Week4 | Show All

'a ‘Temperature Precipitation

Autoblend—Dynamical /MLR Temperature Probabilities Issued 29Mar2019 Autoblend—Dynamical /MLR Precipitation Probabilities Issued 29Mar2019
Week—3/4 Forecast Ending 26Apr2019

e
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170w 180w 150% 140w 130w 1Zow

150w 140w 1 0w i
Prob Below Prob Below Prob Above

S0 S5 S0 70 8O 50 55 S0 70 80 S0 55 50 70 80
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Count

Temperature

| Better than subjectiv )

2016

AN/

| Worse than subjective

2017 2018
Date Forecast Made

Count

2016

Precipitation

2017

Date Forecast Made

2018

Possible Weights by Tool

Average HSS

CFS EC JMA MLR Temp Precip T&P
20% 30% 10% 40% 29.8* 5.2 17.5*
10% 30% 20% 40% 32.1* 29 17.5
20% 40% 0% 40% 27.6 6.8* 17.2
10% 40% 20% 30% 31.2* 3.0 171
0% 40% 30% 30% 32.2¢ 1.4 16.8
20% 10% 30% 40% 31.5* 0.9 16.2
20% 10% 40% 30% 31.6* -0.3 15.7
30% 10% 40% 20% 29.3* -04 14.4
25% 30% 10% 35% 28.6 5.2 16.9
CPC 25.8 1.4 13.6

Temperature & Precipitation

2016 2017 2018
Date Forecast Made

9/2015-9/2018 Results

Bold: Heidke Skill Score
improved relative to subjective
consolidation (2" to last row).

*: Significantly improved relative
to subjective consolidation
based on sign test (figures at

top).

Yellow shading: HSS improved
relative to CPC outlooks (last
row).

Courtesy of D. Harnos
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SubX : The Subseasonal Prediction Experiment

Providing a protocol, database and test bed for hindcast and real-time
subseasonal forecasts

Hindcasts (1999-2015)
. More than 2 years of weekly real-time forecasts
. 7 operational or experimental ensemble models

Generating MME and examining the value to subseasonal forecasts
. Model calibration and multi-model ensemble combination

. Adding new experimental systems (e.g. NCAR CESM?2)

. Assessing the added value to operational models

Supporting NOAA National Weather Service /Climate Prediction Center,
Week 3-4 Outlooks

September 2019 | First WMO RCC Workshop ~ Washington DC
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CPC SubX guidance

[ ] [ } > M & www.cpc.ncep.noaa.gov/products/people/elajoie/subx/ @] (4] ] o

SubX Week 3/4 forecasts

SubX : The Subseasonal Prediction Experiment Project
IRI Data Library

Week 3/4 Operational Model Forecasts

North America Global

500-hPa height 500-hPa height

2-m Temperature | 2-m Temperature

Precipitation Precipitation

http://www.cpc.ncep.noaa.gov/products/people/elajoie/subx/
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MME Probabilities

MM (78) W Pros imued 20 Mor 2019 vaid: A 13-26

SubX Week 3-4 guidance

MME Anomalies MME Probabilities
WE (78) P anom rmend: 20 M 2019 Vo Agr 13-26 WNE (75) P Frob wed: 20 Nar 2019 Void: hr 13-26
3 = B

e —

CFSv2 Anom
=~
y e T‘* é
.A. “, ' - zv |

First WMO RCC Workshop  Washington DC
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Anomaly Correlation by model & MME (DJF)

» MME outperforms any individual model

zighted ACC—DJF TAS RSMAS—CCSM4: Area—avg Score for NA: 0.15:

ighted ACC—DJF TAS NCEP-CFSv2: Area—avg Score for NA: 0.275 ighted ACC—DJF TAS ESRL—FIMv2: Area—avg Score for NA: 0.254€

Weighted ACC—DJF TAS ECCC—GEM: Area—avg Score for NA: 0.1380 Neighted ACC—DJF TAS NASA—GEOS: Area—avg Score for NA: 0.191€ Weighted ACC—DJF TAS NRL—NESM: Area—avg Score for NA: 0.1931 Score for NA: 0.32;

I_a -

S0.5 =0 —0.3 0.z —0.1 0.0 6.2 0.5 04 0.5

, &
’ ' : . Q i /
—— T T e —

s oo

Courtesy of E. LaJoie
September 2019 First WMO RCC Workshop ~ Washington DC
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GEFlSd(bGEM Baseline with SubXMME: Sign Test on WK34 TAS2M Refcst RMSE for CONUS+AK mth(s): 1-12 (1999-2014)
- T T T T T T T T

GEFS+GEM
more skillful

-50 —

Counts

100 |- N Qe =

GEFS+GEM -
less skillful

150 |- —

CCSM4+GEFS+GEM
FIMv2 +GEFS+GEM \'-.\.,‘.\
200 GEOS5+GEFS+GEM .
GEFS+GEM
CFSv2+GEFS+GEM
NESM+GEFS+GEM
— =— SubXMME

250 | 1 | 1 1 1 | 1
0 100 200 300 400 500 600 700 800 900

Forecasts

Courtesy of Emerson LaJoie
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GEFlso-ibGEM Baseline with SubXMME: Sign Test on WK34 TAS2M Refcst RMSE for CONUS+AK mth(s): 1-12 (1999-2014)
- T T T T T T T T

GEFS+GEM
more skillful

-50 —

SubX MME beats GEFS+GEM 63% of the time
CFSv2+GEFS+GEM beats GEFS+GEM 61% of the time
FIMv2+GEFS+GEM beats GEFS+GEM 58% of the time
NESM+GEFS+GEM beats GEFS+GEM 57% of thetime | ——
CCSMA4+GEFS+GEM beats GEFS+GEM 56% of the time

GEOS5+GEFS+GEM beats GEFS+GEM 55% of the time ]
Tess skillful ‘o\\ ~— %

150 - \ - .

CCSM4+GEFS+GEM o
FIMv2+GEFS+GEM TewNvrvy

200 - GEOS5+GEFS+GEM -
GEFS+GEM v
CFSv2+GEFS+GEM
NESM+GEFS+GEM
— — SubXMME

250 1 I | 1 | | | 1
0 100 200 300 400 500 600 700 800 900

Forecasts

_ Courtesy of Emerson LaJoie
| [@ September 2019 First WMO RCC Workshop ~ Washington DC
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Calibration of ensembles to obtain reliable probabilities
. While retaining skill

» Do forecast probabilities from an MME represent
frequency of occurrence?

» Can an individual model be calibrated and produce the
same skill and reliability as an MME?

,[// September 2019 First WMO RCC Workshop ~ Washington DC -



Bayesian Joint Probability (BJP) Model IW

> C(Calibration using Bayesian Joint Probability (BJP) modeling (Wang et al. 2009).

O Predictor (e.g., CFSv2 2-m T) and predictand (e.g., observed 2-m T) modeled using a bivariate
normal distribution, where the distribution parameters are not fixed.

O Individual calibration BJP models are developed for each SubX model ensemble mean, grid
point, lead, and season.

o MME is simple average of 3 ensemble model probabilities.

O Ensemble Regression (EReg) baseline used at CPC (Unger et al. 2009).

> BJP generates a statistical ensemble by sampling from the posterior distribution of the bivariate
normal parameters (n = 1000).

Pty aataatait et et
ST El\@@ AT ¢

o N

Temperature (°C)
o A

BJP forecast of DJF 2-m temperature for a single grid point

September 2019 | First WMO RCC Workshop ~ Washington DC
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Above / below normal temperature reliability

= Calibrated MME more reliable than calibrated GEFS, FIMv2 or (small
ensemble size), or MME member count (raw) probability in all seasons
1.0 : .DJF. T 1.0 T I.VIAIV.I
@=@® GEFS
0.8 || @ Fimv2 1 osl
O=0O CFSv2
=@ MME-RAW o 9
0.6 Ho—e MME-cal 1 06 ]
0.4+ 4 04}
0.2} 0.2 |
0.0 : : : : 0.0 : : : :
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
1.0 JA 1.0 — SON
0.8 | 4 0.8} o
0.6 - 4 0.6
0.4} {1 o0.a} O\c»
0.2} 1 o2}
0.0 0.0

"0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

September 2019 First WMO RCC Workshop  Washington DC
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Extreme above/below normal reliability (high and low 15 percentile)

= Calibrated MIME essential to reliability of probabilities of extremes
= Raw MME has much less reliable probabilities

= |ndividual calibrated SubXGEFS, FIMv2 or are less reliable than MIMIE
1.0 r .DJF : : 1.0 : MAM : 1.0 . .DJF . ; 1.0 ; MAM
0.6Ho o mmecal { osf ] 0.6 ee mmeca | ol ]
0.4 | 4 0.4} B 0.4} A_“/_"/ 4 0.4} i
0.2} {1 o2} R 0.2} 4 o2} R
0'%.0 0.2 0.4 0.6 0.8 1.00‘00.0 0.2 0.4 0.6 0.8 1.0 O‘%.o 0.2 0.4 0.6 0.8 1.0 0'%.0 0.2 0.4 0.6 0.8 1.0
1.0 . JA_ . 1.0 . SON 1.0 . JA_ ‘ 1.0 ‘ SON
0.8} {1 o8} R 0.8} {1 o8}
0.6 { o6} 1 0.6 {1 o6}
0.4} {1 o0.a} R 0.4} {1 o.al
0.2} 4 o2} 1 0.2} ° 4 o2} y
035 02 04 06 0.8 1.0%%0 02 04 06 0.8 1.0 %% 0.2 04 06 08 1.0%%0 02 0.4 0.6 0.8 1.0

Extreme below normal Extreme above normal
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Above/below median Heidke Skill Score (% Hit rate improvement)

S‘O & 2nd (’-:, ranked models
= Raw mini-MME has less reliable probabilities but occasionally better hit rate

= MME more skillful in most months & vears than GEFS. FIMv2 or

100 DJF - e 100 MAM _ & n,
sol 19.4 19 19 | (25 36 ‘ 21 8 ) 80,5 10.66 11. 76 13.04) |
60| 60 | "—, :

3 i [I 'E Il

o ﬂhnu i ﬂﬂ Hun fﬂuuﬂﬂ nép ﬂAﬂ ﬂn

3
&—
@ —20} 1-20¢
S -—aol {-a0}
S : : 3 _
v —60L —60 L
—_ 1999 2001 2003 2005 2007 2009 2011 2013 1999 2001_ 2003 2005 2007 2009 2011 2013
X 100 — - — . . . . 100 — y . . ‘ . .
w , j T ’ T T
| 12 73 16.3 11. 84 17.1 i | 5.32 10.64 17.58 14.37
s 50 \ 5.3 so| \1§ S : :
5  oof 1 eof i
o 40 4 aof : ;
2 pgl ﬂ“ i ﬂﬂ ull ~L b bum s ot I
0 mp ekl - o ek WMl n Bl o . | &

—20} I [I {=20} :

40| [m=m GEFS m=m FIMv2 [ CFSv2 _ EEE Raw MME = Cal MME| |40 ; :

_60 I 1 T 1 1 T 1 T 60 1 1 1 il 1 1 il

1999 2001 2003 2005 2007 2009 2011 2013 1999 2001 2003 2005 2007 2009 2011 2013
Year

_ Courtesy of S. Strazzo
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Extreme below normal Heidke Skill Score

-
1‘0 & 27 {___'ranked models
= Calibration of raw mini-MME probabilities improves overall Heidke Skill Score

= Raw mini-MME has less reliable probabilities AND lower hit rate
= MME more skillful in most months & years than GEFS, FIMv2 or

100 el DJF _— 100 _g— MAM L 1N

ol 8.86 (59.81 Bl 8.32 ( 10.52) | sl 7.39 5.80 5.8 { 6.74 i
; - : : : -
60| -~ - : : 1 eof : : -
ol { 4o} ; i
— 20} § é 20} § 1
o -—20¢ : : {-20}: : : 1
8 —40| : : {-40f:
—60 L1 I I I I I I I —60 L1 I I I I I I I
hdd 1999 2001 2003 2005 2007 2009 2011 2013 1999 2001 2003 2005 2007 2009 2011 2013
= - P . P - =
ﬁ 100 — : - — ~,‘ NA : : , 100 — : , : SON , - — \,
sol 6.68 7.57 5.61 7.82 | sol: .95 6.27 5.19 7.42
e Nloe : : oo : SNoow
5 or : : 1 60 : :
) 40| : : { 40}
 oeta___ I ' || e
—20| : : {—20}: : : 1
40| [m=m GEFS m=m FIMv2 [ CFSv2  EEE Raw MME == Cal MME| [T40[° : ;
_60 I I T I 1 T 1 T _60 1 1 1 1 il 1 1 il
1999 2001 2003 2005 2007 2009 2011 2013 1999 2001 2003 2005 2007 2009 2011 2013
Year

o Courtesy of Sarah Strazzo
(o) @\ September 2019 First WMO RCC Workshop  Washington DC
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Extreme above normal Heidke Skill Score

IO & 2md \-_z ranked models

= Calibration of raw mini-MME probabilities improves overall Heidke Skill Score
= Raw mini-MME has less reliable probabilities AND lower hit rate

= MME more skillful in most months / years than GEFS, FIMv2 or

100 — - = ‘ DJF , — 100 — ‘ sws  MAM , _—
ol (8 o6 ) 6.65 0.05 8.59 | so| 5.61 ( 6.56) -1.66 [ 7.a7
60| -- g : { eof - :
40} { a0} ; : 1
—_ 20 : : 4 201 : : |
S oﬂ“whqﬂﬂﬂhqnwmhqﬂ o_r-fqﬂwulll#ﬂ.&."_wﬂ‘llﬂym
@ -—20f : 1201 : 1
8 —40 [ {-a0| :
S ol ‘ ; ‘ . ; ‘ : ool : ‘ ; ‘ . : ‘
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Summary
MME of calibrated models produced reliable probabilities

Calibration improves probabilistic skill (Brier and RPSS)
= MME improves skill over individual models

Higher probabilities represent periods of greater skill for extremes,
or forecasts of opportunity

=  Future work:
- Optimize MME combination weighting

. Identify conditional skill and forecasts of opportunity using possibly
weather regimes or climate modes of variability
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Monthly and Seasonal Outlooks
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Strategies to Seasonal Climate Prediction

* Statistical forecasts
* Ensembles of dynamical predictions: Identifying signals
* Multi-model ensembles: Canceling systematic errors

* Statistical correction of systematic model errors or
Model post-processing

* Hybnd statistical-dynamical forecasts from climate
mode forecasts by dynamical models

) /-'j::"-'\ . a o
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Calibration, Bridging, and Merging
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Calibration, Bridging, and Merging (CBal)

Statistical post- Statisticallv corrected
Raw dynamical model processing y

forecast of North American —'> (calibrated) forecast of

North American 2-m

2-m temperature
temperature




Calibration, Bridging, and Merging (CBalV)

Statistical post-
processing

Dynamical model forecast Statistically bridged

of a relevant climate index _‘> forecast of North American
(e.g., Nifo 3.4) 2-m temperature




Calibration, Bridging, and Merging (CBall)

Statistically bridged
forecast of North American
2-m temperature

X W

Weighted merging of forecasts
based on performance in hindcast

period

Statistically corrected
(calibrated) forecast of

North American 2-m
temperature
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CBAM increases coverage of positive skill

North America grid points
with Brier Skill Scores > 10%

CBaM in orange
PAC in blue

September 2019

Count (NAmerica)

Count (NAmerica)
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(a) Grids with BSS > 0.1 for 1 h Lead For of DJF 2-m Temperature (NAmerica)

70 Raw 0 PAC 0 CcBaM [ Nino3.4

(b) Grids with BSS > 0.1 for 1-month Lead Forecasts of DJF Precipitation (NAmerica)

[0 Raw 0 PAC 0 CcBaM [0 Nino3.4

i '] ‘E. i
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PAC calibrated NMME

Probability Anomaly Correlation (PAC)

Regression relating hindcast probability anomalies to observed
probability anomalies

(+66.7 % when tercile is observed, -33.3% when not observed)
Minimizes the Brier score (i.e., MSE for probabilities)

Multiplies the forecast probabilities by regression coefficient

van den Dool et al. (2017) (Weather and Forecasting) for more details
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PAC calibrated NMME (right) damps ensemble count probabilities (left)
based on skill

NMME prob fecst Prate 1C=201909 for lead 1 2019 OND NMME prob fecst Prate 1C=201909 for lead 1 2019 OND
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Probability Anomaly Correlation
Consolidation
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Seasonal Consolidation of Temperature and Precipitation, Using PAC

CCA/CA/ENSO-OCN NMME CCA/CA/ENSO-OCN/NMME
STAT CON SON Lead—1 Scaled Final CON SON Lead—1 Scaled

ETRE RN IRNEE

* Multiple statistical and dynamical tools are weighted according to Probability Anomaly
Correlation skill, and combined into one map
 Combined forecast consolidation is calibrated using PAC in a final step (insuring
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Consolidated Seasonal Forecast Tool

* Probabilistic seasonal forecast for temperature and precipitation created using
probability anomaly correlation (PAC) for calibration of forecast inputs from various
statistical and dynamical models.

« Statistical and dynamical models are each consolidated as separate categories first,
then combined for a final, hybrid statistical/dynamical probabilistic forecast.

* Qutput graphics for consolidated forecast plus individual member contributions can
be found at http://www.cpc.ncep.noaa.gov/pacdir/ncca.html

Temperature Precipitation

Final CON OND Lead-—1
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Seasonal Consolidation Flowchart
For Both Temperature and Precipitation (For each lead, season, above/below tercile)

Regression-based statistical inputs {Probabilities) Bias corrected NMME inputs
ENSO-OCN CcA SST-CA 1 2 3 4 5 6 7
! ! Voo vy Y
v PAC PAC PAC PAC PAC PAC P
PAC P11C PAlC \LC v ¢ ‘I,C ¢C VC v ¢ @C
e, e, vy 1 2 3 4 5 6 7
calibrated calibrated calibrated | !
R = = \A\‘ \4 / //
=Y £
PAC-weighted average PAC-weighted average
v z
PA
PAC y
Final, calibrated Stat Final, calibrated
contribution NMME contribution
___~___~“‘~_‘> <_-----"""--—
PAC-weigtged average
PAC
v

Final Consolidated Forecast
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Tools Summary Information
Using Ensemble Prediction Systems & MME

Calibrating probability forecasts such that they are reliable
. Probability approximates the frequency that observations are in the correct category

Consolidation:
Combining dynamical models, accounting for complimentary skill

Utilizing skill related to climate state
. e.g. MJO or ENSO
. Statistical Models & Hybrid Statistical-Dynamical (Bridging) models

[@ September 2019 | First WMO RCC Workshop ~ Washington DC
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Thank you
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Additional Material
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Week of Hindcast Dates | Jan1 | Jan2 | Jan3 | Jan4 | Jan5 | Jané | Jan7 Jan8 Week 3-4 Outlook:
and Target Dates ForecastDay | Jan 22 - Feb 05
Day of the week and Fri Sat Sun Mon | Tues | Wed | Thurs Fri 2 weeks from Sat + 13
Days to Target Dates 22:35 | 21:34 | 20:33 | 19:32 | 18:31 | 17:30 | 16:29 15:28 | days - WK34
Center-Model ~memsmemmenennmeeeee- RefOrecast Grab Period —--—---==-meememe

ECCC-GEM Forecast Day = Realtime
4 members 32 days ’ ‘ D
EMC-GEFS ‘ Forecast Day

11 members 35 days

ESRL-FIMv2 ' Forecast Day

4 members 32 days

NASA-GEOS Forecast Day * GEOSS roves in
4 members 45 days Realtime
NCEP-CFSv2 ‘ Forecast Day

4 members 44 days

NRL-NESM ' # ’ ' Forecast Day

4 lagged members 45 days

RSMAS-CCSM4 ‘ Forecast Day

3 members 45 days

Coming Soon: Forecast Day

NCAR-CESM ‘

10 members 45 days
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Real-time and Re-forecast Database
Data publicly available from the IRI Data Library

N Data Library|—
\’w‘\IRl) [Models SubX
et /

[ Description I Expert Model

@ Models SubX

Models SubX
Models SubX: Subseasonal Experiment (SubX).
Documents

overview an outline showing sub-datasets of this dataset
CTB NOAA Climate Test Bed Website
SubX Project SubX Project Website

Datasets and Variables

http://iridl.Ideo.columbia.edu/SOURCES/.Models/.SubX/

Codes to download on github

ece Untitled — Edited

< C' @ GitHub, Inc. [US] | https://github.com/kpegion/SubX

*
i Apps vk Bookmarks /' Banner 5 ITU Support Center [ GMU Email @ My Mason / Patriot Web (] People Finder

O This repository

Pull requests Issues Marketplace Explore

L]

Washington Area Bi...

9

kpegion / SubX @uUnwatch~ 2 % Star 2 YFork 0
<> Code Issues 0 Pull requests 0 Projects 1 Wik Insights Settings
Codes for Accessing SubX Data from the IRI Data Library (Matlab, GrADS, NCL, Python, bash) Edit
Add topics
® 51 commits ¥ 2 branches © 0 releases 22 1 contributor & mIT

Branch: master v New pull request

kpegion Create website Latest commit dese3e3 on Aug 29

ECCC Models SubX ECCC[GEM ]

EMC  Models SubX EMC[GEFS |

ESAL Models SubX ESRL[FIMr1p1 ]
GMAQO Models SubX GMAO[GEOS_V2p1 ]
NAL  Models SubX NRL[NESM ]

RSMAS Models SubX RSMAS[CCSM4 |

Last updated: Mon, 14 Aug 2017 20:01:46 GMT

8 GrADS

i Matlab

i NCL

i Python

i bash

E) LICENSE

[E) README.md

E) website

EEREADME.md

Update README for GrADS
Modified to also read forecasts
Delete README.md

Delete test

Create test

Create LICENSE

Update README

Create website

2 months ago
2 months ago
2 months ago
2 months ago

2 months ago

2 months ago
2 months ago

2 months ago

September 2019

First WMO RCC Workshop

Washington DC
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BSS: NMME calibrated, bridged, & merged DJF forecasts

b) Bridged c) Merged
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