RIKEN International Symposium on DA 2017 and 7t Annual Japanese DA Workshop
Kobe, Japan, Feb 28

The UGCS and modeling analysis
and forecast uncertainty

Malaquias Pefia, Suru Saha, Patrick Tripp, Xingren Wu, Jack
Woollen, Shrinivas Moorthi and Partha Bhattacharjee, Daryl Kleist

UMD’s Steve Penny, and
ESRLs Zoltan Toth and Jie Feng

Acnowledgments: ESRL NEMS and EMC global branch, marine
branch, NEMS group, ensemble and DA groups




NOAA Climate and Earth Systems

* The NOAA Climate and Earth System Enterprise: GFDL, ESRL
and NCEP-EMC

* Key benefits: experimental/operational ISI predictions,
climate reanalysis and monitoring, understanding and
prediction with Earth systems.

* NCEP-EMC primary task: Develop numerical prediction
systems for the NWS mission
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NWS Seamless Suite of Forecast
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The CFSv2

(http://cfs.ncep.noaa.gov)

Reanalysis, reforecast
and real-time forecast

Subseasonal and
seasonal predictions

Significant skill
Improvement

Leading model within the
NMME and IMME

Ongoing: maintenance
and potential for
Improvement.
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Next Generation Global Prediction System
(NGGPS)

NOAA Environmental Modeling System (NEMS) computing architecture

,[ I 1 1 [
Dyna.m'i cal Pre/Post
Core

NEMS Mediator
) ? T T T [l
l | ] !
Land| | [Sea Ice l Aerosols/||ocean
Atmosphere Chem
Hydrology||Wave Space Wx| | Space
Mediator |7

Suite ﬁre!Post

)

== ==
——————— E
l I | 4—||:| — l
Planetary |[[Deep an .
Sf:a::e Boundary|| Shallow Mhm;ic::s Agzzzs.' Radiation
Y Layer ||| Cumulus Ry
CCPP

https://esgf.esrl.noaa.gov/projects/couplednems/

Figure from Developmental Test Bed Center (DTC)

5



Unified Global Coupled System (UGCS)

A major application of the coupled NEMS

Atmosphere & Land Ocean Ice

GSM—NOAH\ ‘ MOMS5 CICE \

As of January 2017

Phase 1: Assembling and Integration of the system; no model skill optimization



Building the UGCS

Latest Revision
Enhancements Data.
Generation

Routine Regression
Diagnostics Tests

ESRL, GFDL, NCAR and COLA are main collaborators of NCEP/EMC



Building the UGCS

CDAS

Latest Revision
Data UGCS
Enhancements : —_—) . .

Prior major revisions
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Routine Regression
Diagnostics Tests

Typically: F24h, F30d, F9mo runs; fixes or implements new features, data formats, new
model components



Building the UGCS

Bit-identical check Ensure reproducibility of

experiments
Latest Revision
Generation

Data
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Building the UGCS

Ensures changes have the Inspecting key variables
intendEd effect Global Land Adve Square Diff, FOOh

§

Latest Revision [ §L

- ottt .
pw_w% : ; pevprsf
w

Global Ocean Aave Square Diff. FOOh

shiflafe

Enhancements Wih e o e SR P8

Iifiste.

Y oo

Global AAve Square Diff. FOOh

a
j

Routine R ‘ i
Diagnostics m § ”
) g . - %—wmu
g e T e e S
0 ol Se N
P

o ; o
P o & 5 . - 5 c shiffe
oo TSm0 o o e oh o ©

T 23 3 15 & 48




Sanity Check

Building the UGCS

2200 GL (Lat: —90 to 90) spatial RMSE

How does version i compares to version i-/, CFSv2, CDAS?

GLOBAL AVERAGE |

2500 GL (Lat: —90 to 90) spatial RMSE

meters

30-day forecasts

Very small differences for this variables at short lead time

Fest lead time

2850 GL (Lat: —90 to 90) spatial RMSE

Routine

Diagnostics

. Latest Revision
|

Data
Generation

Regression
Tests

Compares with CDAS , CFSv2 and prior UGCS
revisions to ensure new revision’s forecasts are

within acceptable range
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Building the UGCS

Benchmarking approach
NH 2m TMP F6h | Heuristic data screening
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Building the UGCS

Some fields have few
observations (e.g. ice

thickness) thus there is a Latest Revision
large uncertainty in the
reference analysis
Generation

. . TMFPZm 6-—-hourly forecast
Routine RegreSSI ( CDAS —— CFSvE UGre0a4s- UGraozes-

. . Gridpoint OE 88N
Diagnostics




Building the UGCS

Perform changes
(enhancements, patches, config.
modifications, etc.); Do merges
with NEMS atmosphere and

Latest Revision
Enhancements odtd
Generation
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Building the UGCS

Model version that
incorporates the latest
adjustments and
enhancements

Latest Revision

DEE]

Enhancements .
Generation

Routine Regression
Diagnostics Tests
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Parameter optimization

Optimization Phase

Each group of researchers contributing to the GFS and UGCS system
development has its own approach to optimize their application or model

component.

Challenge: redoing parameter
optimization to the full coupled
system.

* Volume of parameter space
grows exponential with the
number of parameters.

Experience plays a big role in ranking
the sensitivity of each parameter.
Objective sensitivity screening
methods are growing in demand to
perform this difficult task: to
determine what inputs have major
effect on the outputs

20 MOAT Paths of CAM version 3.6
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in CAM (Covey et al 2013)



Expand evaluation methods

Optimization Phase
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Expand diagnostic methods

Optimization Phase

Lag cross-correlations

: , .. Reanalysis ~Uncoupled
MJO and tropical convection T e T

Teleconnections < :} % v e
Annual cycle VR PR R e P
ENSO

Covariances across

components

Corr(SST,gs)

Pefia, Kalnay, Cai, 2?23



Optimize DA schemes and |.C.

Optimization Phase

* Reference: CFSv2 weakly coupled DA
* Incorporate Penny et al. ocean, land, ice and strongly coupled
LETKF
* Implement latest advances made by EMC’s DA group
* Hybrid 4DEnKF
* Near surface (e.g. NSST) DA
* New data quality control system
* Joint Effort for Data Assimilation Integration (JEDI), etc.



Optimize ensemble scheme

Optimization Phase

* Currently, GEFS initial perturbations use EnKF analysis
ensembles plus stochastic perturbations.
* Testing ensemble perturbation strategies in the CFSv2

30-day forecast | o2

SST ensemble
spread rate of
change

Q08

Corresponding
SST error rate of
change

Decaying Growing
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Estimation of analysis errors

» Simmons and Hollingsworth (2002) use mean square
differences, d?, of ECMWF and MetOffice analyses.

Unknown: a, and a, analysis errors of models 1 and 2

2 2 2
Known: short range forecast difference, d, between the two models

Assume that the correlation C,, and a,/a, are preserved from analysis time to 6h forecasts

24
4 _ S 24k
Cp, =€)y

2ah
a, f,




Perceived forecast errors

» Perceived forecast error variance: d> =(F - A)’

» Decomposing it into terms involving the true state, T:

d*=(F—-A)Y =(F-T)'+(A4-T) -2p,(F-T)(A-T)

. 1 &
Parentheses denote sample averages over space or time: (*) =—Z(-)
n =1

2 2 2
d =x"+x;-2pxXx,

where p is the correlation between the true forecast error and the true analysis error at the

verifying time; x and x,, are the true forecast errors and true analysis errors, respectively.

» This is an inverse problem with d as the only “measurement”



Solving the inverse problem

» Increasing the number of measurements by considering
forecasts leads

d12 = Perceived error between A and FG

d22 = Perceived error between Aand F,

And so on with the following form:

2 .2 2
di - x0+xi o Zpixoxi p,=cosB,. p,=COSB,; ...

Courtesy of Dr. Jie Feng
» For each new measurement (lead time), three unknowns are

added. The set of equations has no unique solution.
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Assumption 2. Observing network and DA assimilation scheme that generated FG
and F;are unchanged.

The extracted information by the DA scheme is preserved
across cycles

How correlation <A-T F,-T> drops as a
function of lead time i?

> F;

p(A=T) _p,(4=T)
A-T  p(4-T)

p,=cosPB,. p,=cosP,; ...

or - p, :/)12

In general: P = ,Oll

. . . . 25
Only one parameter is needed to determine correlation at other lead times



Assumption 2. Observing network and DA assimilation scheme that generated FG
and F;are unchanged.

One-parameter evolution of correlation
pi:pli

S M L

---.p%

pU'UB

Bad DA
scheme and/or
no obs.

[ Nearly perfect DA scheme
with many obs

Regular DA
and moderate
number of obs

Lead Lead Lead

Theoretical (dashed) vs. Perfect-model correlation in 3 data assimilation

schemes with distinct levels of performance in the Lorenz 1963 model 20



Treatment of propagation of forecast errors

Use Hemispheric area average or Field Alignment technique

Actual initial spread Actual 24h ensemble spread
(b) Actual True Initial Ensemble Spread (d) Actual True 24h Ensemble Spread

45°N =

180° 90°W I I:I OI I I 90°E 180 -:I I | I | I I I I
FA technique: (unit: grid
Variational (o) Displacement Vector spacing) Displacement vector
method to align ; describes how error
two fields that aN propagates_

are similar but
their features
are shifted away.
Ravela, S., 2007
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Feng et al 2017

> —p—2-7 } 4

27



Solving the inverse problem

Measurements Model of measurements

Plus prior knowledge

d’ o2,
i d =x; +x,-2p, x, X,

N

2 _ 2, 2 2
d,=x,"+x, =2p; x, x,

N

2 _ 2 2 3

N

J=max(d’—d’|-w "), i=lead

Resulting parameters: [xg, a, /01] For the exponential model
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Inter-comparison of NWP and DA
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Fig. 6. Forecast (observed perceived, fitted perceives and true) error variances as a function of lead time for four global models: (a) 29

NCEP, (b) CMC, (c) ECMWF and (d) FNMOC for models operational in 2008.



Checking consistency of a DA scheme

Dezrosier et al 2005

YO

d =y - H(x)

Scalar product:

<g,e’> = E[e ']

<gd, d> = E[ecd™] = O:

v ¢2and d are orthogonal
v or, in other words, there is no
projection of e2on d
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Current efforts

1. Apply the method to the GFS

2. Use method to quantify observing system impact

3. Apply method to coupled models (two or more
dominant error growth rates)

YO
d=y - H(x)

Scalar product:

<g,e’> = E[e ']

€ <es,d> = E[e2d™] = 0:

v g2and d are orthogonal
a v or, in other words, there is no
A

rojection of econd
xb (> The method estimates these variances
gb
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Conclusions

EMC in collaboration national research centers (GFDL, ESRL,
NCAR, COLA) is embarked in the development of the UGCS, a
unified weather-to-seasonal NWP system with advanced
features in Modeling, DA and Coupling schemes.

A primary challenge of this unified model is to satisfactorily
simulate a wide range of processes occurring over many
space-time scales.

A prototype model has been built that contains the basic
features and model components. This model is constantly
revised.

A routine procedure to incorporate new model revisions has
been created. In parallel, model evaluation tools are been
expanded or built.

Once acceptable levels of analysis and forecast performance
are achieved an optimization phase will take place.
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Conclusions (continuation)

Estimating and sampling analysis and forecast
uncertainty is a difficult problem but relevant for
model development, DA and Ensemble
generation.

A novel approach to estimate analysis uncertainty
that is independent of DA schemes has been
introduced.

Estimating and sampling uncertainty of the
coupled system is complicated because some key
variables are not observed on a routine basis.

Sampling uncertainty in coupled models remains
a challenge because distinct dominant error
growths and because the evolution of some
processes more stochastic than chaotic.
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