NATIONAL
WEATHER
SERVICE

Data Assimilation Considerations from the Perspective of
Operational Numerical Weather Prediction

Daryl T. Kleist & Daniel Holdaway (Presenting)
NOAA/NWS/NCEP/Environmental Modeling Center
Acting DAQC Branch Chief

14 April 2026



https://www.commerce.gov/

Global Ocean & Sea-Ice - RTOFS

Global Ocean Analysis - GODAS

Seasonal Climate - CDAS/CFS

Regional Hurricane 1 - HWRF
HAFSv1 HAFSv2 HAFSv3 HAFSv4 Hurricane

Regional Hurricane 2 - HMON
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Space Weather 1 - WAM / IPE _

Observations & Assimilation Support for Most Applications
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Historical Overview of NCEP Global DA

Year | 1991 | 1995 | 1998 | 2007 | 2012 | 2014 | 2015 | 2016 | 2017 - 2018 | 2019 - 2020 | 2021 |
Analysis Spectral Statistical Interpolation Gridpoint Statistical Interpolation (GSI)
Hybrid, 3DEnVar Hybrid, 4DEnVar Hybrid, 4DEnVar Hybrid, 4DEnVar
3DVar T574/T254 L64 T574/T574 (39 km) L64 T766/T766 (25 km) L64 T766/T766 (25 km) L127
Algorithm EnSRF, 80 ensembles EnSRF, 80 ensembles EnSRF, 80 ensembles LETKF, 80 ensembles
Near Sea Surface Temperature (NSST) Analysis - 3DVar for foundation temperature since 2017
Balance Tangent-linear Normal Model Constraint (TLNMC)
e Direct Radiance Assimilation o Direct Radiance Assimilation
e Correlated obs error for Hyperspectral IR sensors (2021) e Correlated obs error for Hyperspectral IR
i ) o o All-sky Framework for MW sensors o All-sky Framework for ATMS/AMSU-A
Satellite  \LSSialclil - Uit ldlsnes Ssllaiie o All-sky Assimilation for AMSU-A (2016) and ATMS (2019) o Precipitation-affected data assimilated
Data Retrievals | o Clear-sky Radiance Assimilation o Non-precipitating cloud affected radiances are assimilated o Fractional cloud coverage accounted for
o Cloudy scenes are assumed to be overcast o Consistent use of cloud microphysics
assumptions between model and DA
ity Radiati . ’ + S . .
Obs Community Radiative CRTM Scattering Solver CRTM with Scattering Solver (ADA) + Simulation under Fractional Cloud Coverage (2017)
Operator Transfer Model Advanced Doubling & Adding Method (ADA) e Cloud Overlap (Total Cloud Cover)
(CRTM) e Two-column Radiance Calculation
Two-step Bias correction
Blas_ Offline ° V_arBC for_a|r-mass LGl Variational Bias Correction (VarBC) for all predictors
Correction e Time-moving average of O-F for
scan angle predictors
Spectral Model Spectral Model Spectral Model FV3 Dynamic Core
Sigma Eulerian Hybrid Semi-Lagrangian (2007) Hybrid Semi-Lagrangian GFDL Microphysics
[ JASp 1126 Zhao-Carr Microphysics(cloud water and ice) Zhao-Carr Microphysics 5 Hydrometers
L18 (1991) T170 (105km) L42 (1998) T1534 (13km) T1534 (13km)
L28 (1993) T574 ( 23km) L64 (2010) L64, Model Top 55km L64, Model Top 55km
Stochastic Physics Parameterization for Ensembles since 2015: SPPT (tendency), SHUM (moisture), and SKEB (winds) |
Initialization Digital Filter Initialization (DFI) No DFI 4D Incremental Analysis Update (IAU) |

EATH,
WEATHe

@ NATIONAL WEATHER SERVICE Department of Commerce // National Oceanic and Atmospheric Administration // 4

QM
&



https://www.commerce.gov/

History of Atmospheric DA

Significant Milestones in Atmospheric Operational Data Assimilation

10/25/1995
GDAS begins assimilating
cloud cleared radiances

%,

\

6/25/1991
GDAS uses
SSl analysis

' 6/8/1993
80-km Eta Ol

1/13/1998

GDAS assimilates TOVS
level-1b radiances &
VarBC introduced

6/20/2006
/

Vortex relocation

in GDAS
4/15/1998 4
Hourly RUC 5/27/2003
g RUC 3DVar

]/

|
(IBBIID IDEDDR)DEEIE)).

GSI 3DVar replaces
7/6/2000 Eta 3DVarin NAM

5/11/2016
GDAS Hybrid
9/30/2014  4DEnVar &
5/1/.2007 HRRR all-sky AMSU-A
GDAS SSlis replaced

implemented
with GSI& TLNMC o o0 / 8/2/2017
e HWREF fully cycled

RAP Hybrid Z reely
6/1/2011  3DEnVar(’ /" Tenprioitysems
HWRF DA with GSI
12/16/2008 3/24/2002
e HWRF 3-km
NDAS partial nest DA 12/15/2020
cycling HRRDAS 3-km EnKF

( |

7 4 11/17/2008 ——
Y1 1/25/2005 RUC radar-derived | 1312021
60-km RUC Ol 2/8/1998 Eta becomes NAM latent heating in DFI| s _GDAS Hybrid 4DEnVar +
Eta 3DVar A 8/12/2014 . LETKF with 4DIAU
. P \ NAM Hybrid
10/2/1995 5/1/2012 3DEnVar 6/9/2015 .
. 6/15/1998 RAP replaces HWRF 2-km 3
EDAS Introduced /45, ; ) ’
DFl introduced in GDAS - RUC & uses GSI 40 mem EnKF for
6/19/2007 5/22/201 TDR DA 3/21/2017
8/6/2006 HWREF first implemented GDAS Hybrid NAM 3-km DA
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RTMA implemented
with GSI 2DVar
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3DEnVar + EnSRF for CONUS & AK

7/25/2013
HWRF Hybrid 3DEnVAR &
assimilates storm recon obs
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What are some of the biggest drivers (and
challenges) for operational DA/NWP?
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Operational Constraints

Operational NWP can be broken down into four primary steps:
1. Observation collection, decoding, and pre-processing

2. Data Assimilation

3. Model Integration

4. Post-processing & product dissemination

Schedule: Very strict on-time delivery requirements, fixed (pre-determined, reliable
schedule)

1. NWS/NCEP/EMC: ~25 minutes for operational DA

2. ECMWEF: ~45 minutes

This necessitates compromise between science/theory and computational issues
and practicalities
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Operational GFS/GDAS
6 hourly cycling, -/+ 3 hour observation window

00 UTC GFS
EVENT Average Start Time |Average End Time STATUS ICOMMENTS
DATA DUMP AND PREP 02:37:08 02:59:49 COMPLETE-03:00:16 ION-TIME
IANALYSIS 03:00:01 03:26:50 COMPLETE-03:27:12 ION-TIME
T1534 FORECAST F000-F384 03:27:02 05:14:04 COMPLETE-05:13:44 ION-TIME
12hr PRODUCTS 03:41:39 03:45:12 COMPLETE-03:44:43 ION-TIME
24hr PRODUCTS 03:46:24 03:48:27 COMPLETE-03:49:56 ION-TIME
36hr PRODUCTS 03:49:39 03:51:34 COMPLETE-03:53:05 ION-TIME
48hr PRODUCTS 03:52:44 03:54:44 COMPLETE-03:55:58 ION-TIME
60-72hr PRODUCTS 03:55:52 04:00:55 COMPLETE-04:01:22 ION-TIME
84-120hr PRODUCTS 04:02:04 04:13:36 COMPLETE-04:15:02 ION-TIME
000-384hr GFS WAVE PRODUCTS 03:33:35 05:12:54 COMPLETE-05:12:33 ION-TIME
GFS MOS FORECAST 04:13:36 04:13:49 COMPLETE-04:15:22 ION-TIME
00 UTC GDAS

IEVENT Average Start Time Average End Time STATUS COMMENTS
IDATA DUMP AND PREP 05:40:08 06:02:26 COMPLETE-06:03:25 ON-TIME
IANALYSIS 06:02:39 06:40:11 COMPLETE-06:41:31 ON-TIME
IFORECAST 06:47:50 07:08:25 COMPLETE-07:09:52 ON-TIME

Why two cycles for the same analysis time for a global model?

Any data not available by cut-off will not be used
Later “catch-up” cycle at +5:40
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Legacy POES Data Delivery

00Z Average 1B Data Counts

Global //
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Challenge: data latency

Issue for real-time assimilation: many observation arrive 1-3 hours after their valid time

of Observations

Number

Data Latency (2020032100-2020032200)

- satellite -8~ satellite
D odidds et Data latency = receipt time - valid time

— gps -8- gps
o total

Afeatgeeestarizeeeseseeseess  Example:
14 peis An observation from a radiosonde
w1 that is valid at 00Z might not be
F o N available until 01Z. By this time, it
g  f would already have missed the cutoff
§ o MON time in a system with a
I [-0.5hr, 0.5hr] data window
{

Latency (hrs) Latency (hrs)

Figure courtesy D. Lippi
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Introduction: Where Does Observations Processing (ObsProc) Fit?

Data Sources
(Upstream)

BUFR
‘DUMPS”

GTS (indirectly)
LDM, TNC, Servers
Websites etc.

GFS BUFR DUMP

NESDIS
(PDA, FTP)

ObsProc
BUFR _> RRFS BUFR DUMP

“TANKS”

HAFS BUFR DUMP

Tanks continuously
fill up as
observations arrive

Other (e.g. Radar)

Dumps are
snapshots created
in real time
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Volumes of received and processed observations

HDF5

).5 e WMO FM-12 SYNOP
AIREP ca \ ).3
0.5°

< Receiving 385 data types, 29 data formats

local binary

MO FMSZPILOT e ~500 dump files per day for GDAS and GFS

cMAN

SHEF e  ~4880 files for day for all regional models and CDAS

WM FI13 SHIP . ~ localAscl
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Larger data volumes expose “technical debt” and present engineering challenges
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ObsProc Re-engineering

e NCEP Analysis (GSI) will be transitioned into JEDI
e ObsProc re-engineering is underway to reform and adopt the

changes:

o Adopt - JEDI IODA Data Design: HDF5 and data layout
m Develop BUFR to IODA converter
m Follow IODA conventions: unified variable names, units, and dimensions
o Reform - Implement PrepBUFR quality control and variable change
procedures in JEDI UFO

ObsProc

Data NCEP NCO - EMC
sources

GTS
World- Wide

Gateway /[ qzc

GSD LDM
Mesonet

NCEP NCO - EMC

PMB

Data

to BUFR

Decode to BUFR
Satellite Data Ingest

SID
=3
ak an
,
|

prepbufr

‘ Conventional
Data

Analysis
GSI

adar
enter
NESDIS roa
Satellite Data WGETILFTP

Outside NCEP NCEP EMC

BUFR Converter for JEDI without any changes in the decoding, tanking

and dumping processes

e C++ based tool with Python API
e Supports various BUFR formats: PrepBUFR, NCEP and WMO BUFR
e Brings ObsProc from Fortran 66 to modern software development

paradigms
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NCEP EMC

{

PrepBUFR
Processing

PREPDATA
PREVENTS
SYNDATA
CQCBUFR

CQCVAD
PREPACQC

PROFCQC Conventional

JEDI

Non-Conventional Data

4

Re-engineering

Implement PrepBUFR QC and
Variable Change in UFO

Land Data
BUFR to IODA

Marine Data
Converter

Conventional Data

Data

dcom

BUFR Tanks
24-hour data

com

BUFR Dump
1, 3, 6-hour data
coascrs

0URMA

BUFR Dump
1, 3, 6-hour data
1 coasiars

RAP
RRFS

soRTHA
30URMA

Re-engineered part of ObsProc
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ObsProc Re-engineering - Long Term

Data Sources
(Upstream)

GTS (indirectly)
LDM, TNC, Servers
Websites etc.

NESDIS
(PDA, FTP)

Other (e.g. Radar)
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BUFR
“TANKS” 4— Application

Tanks continuously
fill up as
observations arrive
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What it takes to use an observation in NWP

Data NCO - EMC

1. Acquisition/ingest — including data formats, e [Tt “aure
latency/timeliness, etc. s

2. Observation Operator — can we map the model
state to observation space (everything from - e
interpolation to radiative transfer)? This may .
include TL/AD versions of operators for some e | | TRy
solvers (e.g. variational). v ] .M

3. Characterization — errors (sensor and _ -

. .

representativeness), data quality, etc.

Yes
Set Clear-sky -

4. Develop application-relevant quality control, error ™=z
specification, and other algorithmic changes
(perhaps bias correction, etc.)

Set All-sky
Observation

¥93yD Ajues [auuey) mopuim

5. Testing and optimization within context of cycled
application

Channel Use
Flag Check
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Observation Implementation Procedure

Collaboration with
JCSDA CRTM team and
others

GDAS Input and Assimilated Observation Counts 2023-03-20 12:00Z Cycle

cris-fsr 118684825

iasi 6758p8056

ssihis 30910176

Collaboration with data
providers. NWP evaluation
of data quality.

abj 16825600

8695850
7999020

1) Data acquisition
and ingest

)

7274745

3150020

3) Evaluate
2) Develop observation
observation and
operator observation
operator

/ Sivis 1852950
4a) Develop observation St 1606150
QC and tune errors 5) Testing within -
| 4b) Develop non- 5 a gyded % M 323174
observation changes analysis-forecast aircraft 231001
(algorithms, infrastructure, system ompic 205103
transition, etc) )
/ scatwind

No

o
e,
3 o
E 3
=US

vty
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l v sondes
sfcship
5] Proper evaluation requires
Verification
and 60-day cycled forecast runs o=
Evaluation for two seasons. This is the "™

biggest factor in time to
implement in operations.

7)
Implementation
decision

104 10° 108 107 108 10°
# of Observations Read/Assimilated

Yes

8) Implementation

Total number of observations available to (red) and used by (gray)
the GSI for each observation type for the GDAS analysis cycle valid
March 20, 2023 12 UTC. Note the x-axis is on a logarithmic scale
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Global Observing System

e Heterogeneous mix of measurements at widely varying spatial and temporal

resolutions

e Quantities that generally are indirect measurements of predicted/analyzed

variables

AIRCRAFT - 150,000

—Ship- Buoys
SYNOP - Ship - 10,000 Drifting - 35,000
Moored - 1,500

WEATHe

(é

*l 3

Metop-A, B, C 0 SNPP, NOAA-20
21

6
NOAA-1S,
F-17

Figure 7. Equatorial crossing time of various polar-orbiting satellites that are currently operational. The
orbits continue to drift, and the equator times shown are valid for mid-2018 (Source: Bormann et al., 2022,

ECMWF).

Figure 8. Spatial coverage for MW data in a 6-hour window.
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Single Cycle

00:42:30
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Satellite DA / Forward Modeling

One of the biggest developments in operational DA for NWP was to allow for

observations to be different from analysis variables

1. Move away from retrievals, direct assimilation

2. Allows for use of observations as observed *and* use of analysis variables with
better properties

Radiances/Brightness Temperatures:
1. Indirect observations of meteorological parameters
2. Compute radiance equivalent from temperature, humidity, surface pressure,
wind, ozone (and/or other tracers)
I. Radiative Transfer Model (and Surface Emissivity Model)

Some advantages
1. observation error specification, quality control, less introduction of auxiliary
information, improved monitoring
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Satellite DA / Radiative Transfer

e In addition to simulated radiance (or brightness temperature), produce

Jacobians for assimilation OR OR OR OR
OT 0q 0q 005

NOAA-20 ATMS N20 ATMS NOAA-18 AMSUA
00 UTC 20 Apr 2025 0.1 00 UTC 20 Apr 2025
All Observations, Channel 5 52.800 GHz All Observations, Channel 6 54.400 GHz
o T XN = ¥ Ch. 0005 R Ly =
o J /s > 12,4 NOAA-18 AMSU-A
B2 78 52.80 GHz =3 > / YN 04
1.0 y | chooos |
i 54.40 GHz |
= 1.0 | |
a | |
5 f
©10.0 |
2 a
2 10.0 i
bl |
o |
100.0 100.0 i
| 399;n|=
220 230 240 250 260 10 215 220 225 230 235 1000.0 i i " |
Brightness Temperature (K) 00.0 JIR IS Brightness Temperature (K) 00 04 08 12
nobs=10591, avg=255.22, std=10.55 00 04 08 1.2 nobs=9230, avg=233.54, std=5.52 St 4
Weighting Function Weighting Function

e What to do about this feature?
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Satellite DA / Radiative Transfer

e What might this channel be sensitive to?

NOAA-20 ATMS
06 UTC 20 Apr 2025 53 N20 ATMS
All Observations, Channel 17 165.500 GHz s
. ',. = Lo . f 3 % Y > (:'1. ()()1 7
165.50 GHz

1.0
©
a
=

©10.0
-
1]
172
o
(oW

100.0

180 200 220 240 260 1000.0 \
Brightness Temperature (K) : 1085 hPa
nobs=10612, avg=263.17, std=26.26 00 04 08 1.2
Weighting Function
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Pressure (hPa)

Example Weighting Functions

NOAA-18 AMSU-A NOAA-18 AMSU-A NOAA-18 MHS

2 L B L L L QT T T T[T T T T [T T T T[T 71T OAfTTTT T T T TIT T[T T T [TTTTTTTT Cris Weighting Functions: Assimilated Low-peaking T-channeis 1AS1 Weighting Functions: Assimilated Low-peaking T-channels AIRS Weighting Functions: Assimilated Low-peaking T-channels

= Oh:1 —— Ch.8 — Ch.1é

— R

e B

Ch.2

—— Ch.3 —— Ch.10 —— Ch.18

= h12

Ch.5 = AN

S 1 ' Courtesy UKMO

‘M'llélllm)lllll' wooby o b Lo laaaad HI)O'AIIAMIII i AERTE RRAT

02 00 02 04 06 08 1.0 05 00 05 1.0 -10 05 00 05 10 15 20
dT,/dT, KK dT,/dT, KK TdT, KK

height (km)
height (km)

>
Pressure (hPa)
3
Pressure (hPa)
3

Broad in the vertical; not point measurements!
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Quality Control

e Critical for useful assimilation

e Data must be removed that has gross errors or that cannot be properly simulated by
forward model

e Three general categories
1. Instrument problems
2. Simulation errors (especially from things like clouds, precipitation, etc.)
3. Surface emissivity simulation errors

e General procedures (significant progress on all of the below toward
all-sky/all-surface assimilation)
1. IR cannot really penetrate clouds, cloud height can be difficult to determine
2. MW impacted by clouds/precipitation, but signal can be modeled and accounted for
3. Surface emissivity and temperature characteristics not well known for land/ice/snow
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Thinning (and Super-obbing)

e Some data is thinned and/or super-obbed prior to assimilation
1. Includes both horizontal thinning and channel selection (e.g. for hyperspecitral
IR)

e Three primary reasons
1. Significant redundancy in data (radiances, AMVs)
2. Reduced correlated observation error (AMVs)
3. Computational Expense (Radiances)
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QC & Thinning: Net Result

GDAS Input and Assimilated Observation Counts 2021-10-20 00:00Z Cycle

Daily Satellite & Daily Percentage of Data
Radar Observation Count Ingested into Models cris-for ) ——
iasi 635519808
36281600
100000 . L6vel 2 Radar ,)’i" *2005 Data !
3 - - s 28209264
210 M 100% 1 - 239.5M i 16833115
10,000 obs s 11550880
125 M ob ] amsua 7059780
1.000 4 \ % % 5 3063850
L L~ [%2)
100 M obs M g § seviri 2714552
100 (=g =. < 1307342
= 8 © satwind 005
s @ aums ey
104= O o aircraft 288098
s L 266164
= QO QD) st 285419
IR
B 3 - 3 p— o 267960
O 7% i ; scatwind 208625
0.1 :Z%G n il fi.i!hﬂ
d
1990 2000 2015 e
sst
% = 2 g 3 gps
. . . . Received = All observations received operationally from providers
Five Order of M?gnlmde Increases in Satellite Selected = Observations selected as suitable for use sfeship
Data Over Fifteen Years (2000-2015) Assimilated = Observations actually used by models ompstcs
vadwind
sbuv2
ompsnp
rass
1('34 1<|)5 166 167 165 ul)?

# of Observations Read/Assimilated

EAT,
WEAT A
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QC & Thinning: Net Result

AMSUA MetOp-C OBS Tb - SIM Tb with BC Ch 2

min=_ -64.46 max=

AMSUA MetOp-C OBS Tb - SIM Tb with BC Ch 2
105.6 mean= 0.3164 stdv=  6.474

= -40.65 max=

38.99 mean= 0.2502 stdv=  4.541

Available Selected

180°W

120w 6o°w o 60°E 120°€ 180°€ 180°W 120w 60°W o 60°E 120°€ 180°E
Total: 18127 Total: 10792
-10 -5 0 b 0 -10 -5 0 5 10
K K

180°W 1200 EX o 60°E 120°€ 180°€
Pass @® 2335 GHz CLW Retrieval 54 GHz Precipitation @ 53 GHz Scattering Effect
O (Gross) © Surface Emissivity Sensitivity @ 52GHz ThickCloud @ 88-165 GHz Scattering Index
@ Inter-channel Consistency @  Cold Air Outbreak
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Observation Errors

e Specified based on instrument errors and innovation statistics

e Historically, has been used to account for other deficiencies in system
1. Correlated observations errors not prescribed or not well known

e Bias must be accounted for; can be bigger than signal!
1. Bias Observation
2. Inadequacies in characterization of instrument
3. Forward model deficiencies
4. Bias in background (!)
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Correlation

Observation Errors

e Work progressing toward estimation and use of correlated observation errors

CrIS-FSR, over Sea
650 ; ; .

274 _' ;' | "':;»;y‘ ' f:.“— i :lrgﬁg

800F &

1024 PSR
1264 &
1389F
15141
16391
2168 i
2203

L = \!{ -
o M n .
| |
2550 J 1 1 1 1

774 899102412641389151416392168229324182543
Channel Wavenumber
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e Why might spatially correlated
observation errors be difficult?
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NOAA-18 AMSUA

Bias Example e SRR

NOAA—15 Sred)

platform: amaua
ragjon : %Iobal . _ . . NOAA—16 (blus)
variable: observed—simulated gmthout bias correction) (K}
valid : 00Z20FEB2001 00Z22MAR2001
channel & channel §
04 . & & 5 N . = :
220 225 230 235
'E Brightness Temperature (K)
..; nobs=9230, avg=233.54, std=5.52
<
x
N
-60 —50 -4D -30 -20 -10 D 10 20 30 40 450 EQ -60 -50 -4D -30 -3¢ -1D0 © 10 20 30 40 50 Ed
channel 7 - channel §
081
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o6 N E5=
Q.51
— H H
c LXT R TR
> o " B
o {}‘2<‘ caasde 0‘3 .
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o8 -1
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-60 =50 -4D -30 -20 -10 D 19 20 30 40 S0 EQ -60 -%0 -4D0 -30 =20 -1D0 @ 1 20 30 40 50 EQ

satellite zenith angle (degrees) satellite zenith angle (degrees)
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Bias Correction

e Variational Bias Correction has been critical for advanced/improved use of satellite
observations (extended to other observation types)
o Extremely effective - deals with instrument drift, representativeness issues, etc.
o However, makes observations “look” like background in absence of anchor
observations

Linear predictor model for bias in each channel:

b(X,ﬁ): i ﬂipi(x)

Cost function:

J,,: background constraint for x ‘JB: background constraint for B

A A

" B ) & 3%
Jx,B)=(x,—x)"B.(x,—x)+ (B, —B) B, (B,—B)
+y=bx B ) xR —Bcx ) htx)]

N ="

s

J,: bias-corrected observation constraint
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Bias Correction Example

AMSUA_METOP-C, Time Series Plot

AMSUA_METOP-C, Time Series Plot

‘Valid 2025042106

WEATHe

04,

K

Avg Obs - Ges|Anl (w/o Bias Correction) (K)
amsua_metop-c, 2025042106

b —gesglob*
—— anl, global
-0.2 anl, global

12
Mar. ll Mar... Mar.. Mar.. Mar.. April April April April April April April April April April

2 4, 6. 8, 10, 12 14 16, 18, 20,
2025 2025 2025 2025 2025 2025 2025 2025 2025 2025
Cycle Time

S@v Obs - Ges|Anl (w/o Bias Correction) (K)
sua_metop-c, 2025042106

—— ges, global
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Cycle Time

>
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3D

Valid 2025042106

0.05

Avg Obs - Ges|Anl (w/ Bias Correction) (K)
amsua_metop-c, 2025042106

— ges, glob:
— anl, global
01

Marfl Mar... Mar... Mar.. Mar. April  April  April  April  April  April  April April  April  April

; K 10, 12 14, 16, 18, 20,

2025 2025 2025 2025 2025 2025 2025 2025 2025 2025

Cycle Time
lv Obs - Ges|Anl (w/ Bias Correction) (K)
afnsua_metop-c, 2025042106
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Bias Correction Example

METOP-C AMSUA

METOP-C AMSUA
00 UTC 20 Apr 2025 00 UTC 20 Apr 2025
All Observations, Channel 6 54.400 GHz All Observations, Channel 6 54.400 GHz

50 -25 00 25 50 75 100

-100 -75 -50 -25 00 25 50 75 10.0 L10.0; <7
Brightness Temperature O-F w/o BC (K) Brightness Temperature O-F w/ BC (K)
nobs=8909, avg=-1.34, std=0.39 nobs=8909, avg=-0.00, std=0.20
O-F, NoBC O-F, BC
@ @ NATIONAL WEATHER SERVICE Department of Commerce // National Oceanic and Atmospheric Administration // 33


https://www.commerce.gov/

Bias Correction Example

NOAA-18 AMSUA
18 UTC 20 Apr 2025
Used Observations, Channel 6 54.400 GHz

2.0 =18 -1.0
Brightness Temperature O-F w/o BC (K)
nobs=8893, avg=-1.36, std=0.32

NOAA-18 AMSUA
18 UTC 20 Apr 2025
Used Observations, Channel 6 54.400 GHz

-0.6 -0.4 -0.2 0.0 0.2 0.4

Brightness Temperature O-F w/ BC (K)
nobs=8893, avg=-0.01, std=0.16

04,

NATIONAL WEATHER SERVICE
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Bias Correction Example
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Bias Correct: Evolves in Time

ATMS_N21, Time Series Plot

Valid 2025042106

Avg Bias Correction Ch . 2 Total

atms_n21, 2025042106

06 —ges,
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Cycle Time
ATMS_N21, Time Series Plot
Valid 2025042106
Avg Emissivity sensitivity erm - Ch. 2 Emis Sens|t|v|ty
atms_n21, 2025042106
-0.05 —ges,
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0.15
-0.2
-0.25

Ma.. Ma.. Ma. Ma. Ma. Aprl Aprl Aprl Aprl April April April April April April
. 4, 6, 8, 10, 12, 14 16, 18, 20,
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Cycle Time

EATY,
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3D

04,
&

ATMS_N21, Time Series Plot

‘Valid 2025042106
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ATMS_N21, Time Series Plot
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What Makes the MW Cloudy Radiance Assimilation Possible?

m Improvement in forecast model
m Resolution - higher horizontal and vertical, raised model top
m Representation of cloud and moisture processes
m Initialization technique

m Advanced data assimilation techniques
m Flow-dependent background error covariance through the use of ensemble
m Representation of model uncertainties through stochastic physics
m Situation dependent observation error model

m More accurate radiative transfer modeling
m Scattering by hydrometers
m Sub-grid variability for cloud and precipitation overlap
m Simulation under fractional cloud coverage

Zonal Averaged
Hydrometer
Mixing Ratio

Zonal Averaged
Hydrometer
Ensemble Spread
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All-sky Framework — Symmetric Observation Error

40

[
o
¢

L [T B I |

Error Model \/\A -
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g
o

Adjusted Observation Error

25 30 35

T

=

40 45

: -
Ch01 Mean4.9 STD 7.7 Min 25 Max 59.1 Nobs 11709

50 55

I I [
60 80 100 120 150 20.0 250 300 60.0

= Observation error is assigned as a function of

the symmetric cloud amount (Geer et al. 2011)

= Gross check £3 of the normalized FG departure

( accept Gaussian part of obs )
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ATMS
Radiosonde
Geo Wind
AMSUA
GNSSRO
Aircraft

IASI

AIRS

CriS

Drifting Buoy
ASCAT

GMI

Land Surface
AMSR2

MHS

AVHRR

Ship

SSMIS

PIBAL
Dropsonde

Why so much time covering radiances?

GEOS-FP 24h Observation Impact Summary
21 Apr 2024-20 Apr 2025 00z
Global Domain, Total Impact

—0.175-0.150-0.125-0.100-0.075-0.050-0.025 0.000
Total Impact (J/kg)

https://gmao.gsfc.nasa.gov/forecast
s/systems/fp/obs_impact/
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1.0e+06

— 1.0e+04

Observation impact results

Adjoint-based impact (%)

Observation Count Per Analysis

Courtesy
ECMWEF
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Operational Constraints

e Data assimilation must be fast, but also reliable and reproducible

e Reliable:
1. Run every cycle as planned without crashes: no failures due to
overflow/underflow, memory, etc.
2. Cope with no (or bad) data
3. Reliable completion time

e Reproducible:
1. Order of operations can change results — big issue for managing large
processor count (MPI) and global computations
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Computational Capacity Matters

Date | PS Major Change KP:;’;‘SaCt
Ju2011 | PS27 DA: Hybrid 4DVar implementation +2.44 (#1)
Jan 2012 | PS28 Minor global changes -0.40
Mar 2012 | PS29 Minor global changes ~0.0
Sep 2012 | PS30 Technical change ~0.0
Jan 2013 PS31 DA: Improved hybrid 4DVar +1.18 (#3)
Apr 2013 PS32 SA and Dust Assimilation +0.08
Feb 2014 | PS33 Rose Implementation 0.10
Jul2014 | PS34 ENDGAME dynamical core -0.58
Feb 2015 | PS35 SA package + Dust +0.86 (45)
Aug 2015 | PS36 Transition from IBM to Cray +0.68
Mar 2016 | PS37 DA/SA: VarBC/NewSats/CVT +2.40 (#2)
Nov 2016 | PS38 SA package +0.99 (#4)
July 2017 | PS39 17->10km UM +0.53
Nov 2017 | PS40 | DA: CVT/waveband localisation (to date) +0.75

Top 5 Global NWP Impacts due to improvements in initial conditions

Source: Dale Barker, UK Met Office
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CBS ranking relative to Met Office, 00Z-12Z
Combined Areas

Met Office

— Met Office A (jA) ++r KMA (KO) (UM partner)
— NCEP (US) CMC (CA) ~ - BoM (AU} (UM partner)
= Metfr (FR) — DWD (GE) —— ECMWF (EC)

50

40

30

Skill* Difference (%) relative to Met Office

PS37

NCEP
4dEnVar

\/J NCEP
Hybrid /W HeEk
3DEnVar 13km

= Met Office

A

o N S ¥ S [

© Crown Copyr

ECMWF
9km

et Office

* Parameters: Surface pressure, 500hPa geopotential height, 250nPa/850hPa Winds;

Forecast ranges from T+24h to T+120h
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Variational DA

Courtesy JCSDA

J() = 5 (x—x) "B (x — x6) + 2 [H(x) ~y]"R[H(x) ~ ¥

Variational Data Assimilation is used by most (all?)
operational centers (GSI, NAVDAS, IFS, VAR, ...)

Principle: minimize the distance between the analysis
and all available observations over the assimilation
window

Xp Background state

Il S
Y Observations Background

Time

H Observation operator

B Background error covariance Acgimilation window

R Observation error covariance
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Variational DA

1

Courtesy JCSDA

J(x) = 50— x5) B x — x5) + 5 [H(x) ] TR[H(x) — y]

2

Computational issue: The nonlinear cost function is minimized iteratively

Gauss-Newton outer loop
Nonlinear cost function
approximated by series of
guadratic problems

Only one operational center
(ECMWEF) performs more than 1
outer iteration, some perform a
partial re-linearization (middle
loop).

@ @ NATIONAL WEATHER SERVICE
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Variational DA

Courtesy JCSDA
Setting the gradient of the quadratic cost function to zero leads to the linear
system: Sx = (B—l g HTR—IH)—IHTR—ld

Computational issue: the size of the data assimilation problem

*  The size of x is O(10°)

e The size of y is O(107) and growing

* The observation error covariance matrix is diagonal (or nearly)

* The background error covariance matrix cannot be stored: it must be modeled and
coded as a series of linear operators
- Spectral, Wavelets, Recursive filters, Diffusion operator...

* Even vectors (x and y) have to be distributed across many processors to fit in memory
- Adds complexity, especially for non local observations
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Variational DA

Courtesy JCSDA
ox= (B '4+H'RH)"'H'R!d
Computational issue: the covariance matrices need inverting

e The observation error covariance matrix is diagonal (or nearly), for both
computational and scientific reasons

* The background error covariance matrix is very ill-conditioned
- Inversion would be too expensive
- Change of variable so that B! is not needed, for example x = B~1/?6x
leads to the linear system:

Y = (l + BT/2HTR—1HBI/2)—1HTR—1CI

Note: using B~1§x and 0x is another popular choice
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Variational DA

Courtesy JCSDA
Y = (I + BT/2HTR—1HBl/2)—1HTR—1d

* The linear system is solved by another iterative algorithm: inner loop
— Conjugate gradient
= Quasi-Newton

e Computational issue: repeated computation of H and H' is still too expensive
— Theinner loops are run at reduced resolution

 Computational issue: preconditioning is essential
- 25-50 iterations to solve a problem of size O(108x108)

- NCEP (4DEnVar) performs 50 x 150 iterations

@ @ NATIONAL WEATHER SERVICE Department of Commerce // National Oceanic and Atmospheric Administration // 46


https://www.commerce.gov/

Cost Breakdown (Example)

Courtesy JCSDA

N RSN 1es 40-var (12h window)

M °00 195 11279/7T255/T319/T399
M 1143 44.5 =30M active observations
H 71 2.8
528 MPI tasks, 18 OpenMP threads
H 228 8.9
B 120 4.7 264 nodes, 6336 cores
R 59 2.3 =43 min. wall clock time
Lin. algebra 53 2.0  3D-Var (FGAT) would take half the time (no M and only 1
1/0 ~305 ~11.8 M instead of 4)
Other 92 3.6 Dual (observation) space algorithms are possible but the

gain is small
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G

observatuon Ioad (valid: 2004041512 +/-3 hours)

. e

SON

* The main domain
decomposition in GSl is done
on evenly sized subdomains

 All variables/levels stored

* Schematic example for 50 MPI
tasks

EATY,
WEhTHe,

> NATIONAL WEATHER SERVICE

73

<\0N4,

< :

*l

S| Example

Analysis versus Recursive

Filter Grids

2D &
h i B o b d
L] o I
o
EEC
9 EENN I~ g |
L AN IS
Images courtesy of http://cs.stackexchange.com/q/43744, NCEP NCO, and PY
https://commons.wikimedia.org

Background error correlations modeled with
Recursive Filters. Above shows domains used.
Lots of data movement.
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GSI| Example

hourly 4D-Envar GSI wall time for various GSI executables

e
Software and computational design
97 nodes = 388 MPI tasks in these runs matters!
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Current Operatlonal GDAS (Hybrld 4DEnVar)
J(x',a)=p —(x )B (X )+ 8 Ea i a+EZ(H X, —Y,)RI(HX —Y)

-1 k=
z=B x| y=L"a
C768L64 (~12km) FV3-based GFS

* 80 member C384L64 (~25km) EnSRF for data
assimilation

* Level-dependent localization

» Stochastic physics to represent model uncertainty
(SPPT, SKEB, SHUM) — Since January 2015 +
RTPS (no more additive perturbations)

* Analysis increment at ensemble resolution

* Ensemble perturbations centered about hybrid
analysis

* Ensemble mean state estimate replaced

~Sigma Level

0.1

0.2 1

0.3
0.4

HORIZONTAL LOC. SCALE (KM)

L

//

H

400 500 600 700 8OO 900 1000 1100 1200 1300
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Ensemble Importance for Forecast Sk|||

NH-Z 500 HPA AC

—3DHYB
%% H4DENVAR_NMI | &,
—3DVAR N
0.94
0.85 1 N
N\
\
081 N
-\
0.75 1
24 48 T2 98 120 144
0.025 4
0.0125
-
0 >
0.0125 1 e
-0.025
24 48 72 986 120 144

Kleist and Ide (2015), Fig. 10: OSSE based study.

FORECAST HOUR

0.95

0.9

0.85

0.8

0.75

0.04

0.02

-0.02 4

SH-Z 500 HPA AC

—3DHYB \~
H4DENVAR_NMI | X
—3DVAR
0 24 48 72 96 120 144
e | ‘
%
0 24 120 144

48 72 908
FORECAST HOUR

Comparison of skill from 3DVar, Hyb 3DEnVar, and
Hyb 4DEnVar for simulated August 2005.
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pressure(hPa)

150 48h

200
250
300
400
500

3DVar: solid
3DEnVar: dashed

700

850
1000
6

18 21 24 27 30 33 36 39
m

Wau et al. (2017), Fig. 10: Impact of using global ensemble

perturbations in regional hybrid EnVar (forecast fits to geop.

height, radiosondes). This has also been realized in other

regional systems at NOAA

e Now standard (in some form) at most (all?) NWP
centers

e Has changed computational distribution
1. Running short, ensemble forecasts now most
expensive part of DA cycle
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Minimization Issue

102 4

gnorm

102 4

103

gnorm

102

10! 4
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2021051012 gfs gradient norm

—— all_data

OPS All Data

0 20 40 60 80 100 120 140
iteration

2021051012 gfs gradient norm

—— all_data.no_uv_ascat

No ASCAT

T T T T T T T T
0 20 40 60 80 100 120 140
iteration

The operational GFS occasionally detects and reports

problematic GSI minimizations

m Example: the operational 2021051012 GFS cycle

m Investigation of this case found that following changes to the use of
ASCAT yielded a much smoother minimization:

m Remove all ASCAT winds

m Thin ASCAT data with 50 or 100 km grid box

2021051012 gfs gradient norm

—— all_data.uv_ascat_thin50

data thinning
50 km

0 20 40 60 80 100 120 140
iteration

gnorm

103 4

102 4

10! 4

2021051012 gfs gradient norm

—— all_data.uv_ascat_thin100

data thinning
100 km

20 40 60 80 100 120 140
iteration
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Balance / Noise

Zonally Ave. RMS Sfc Pres Tendency

o

Minimal increase

908 60% 308 E0 30N 60N 90N

Zonal-average surface pressure tendency for background (green), unconstrained GSI analysis
(red), and GSI analysis with TLNMC (purple)

@ @ NATIONAL WEATHER SERVICE Department of Commerce // National Oceanic and Atmospheric Administration // 53


https://www.commerce.gov/

Operational Summary

e Delicate balance to maximize science through efficiency
o Operational drivers often require compromise
o Sometimes, the best ideas simply are not feasible from the perspective of
operational requirements

e Observations:
o They always change and job is never done
o What would you do if commercial aircraft stopped flying (2020 pandemic)?
o What would you do if we suddenly lost lots of rawinsondes?

e The future is bright:
o Progress in Al/ML brings unique opportunity to reduce/remove some of the
current pain points
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NWS/NCEP/EMC Development Strategy

Introduction

A\ & “w Data Assimilation Strategy for NOAA/NWS/NCEP/EMC
Advanced Infrastructure / JEDI 3 .3. 3 & &
Research and Development @ @

m Use of Observations

U.S. Department of Commerce
National Oceanic and Atmospheric Administration
National Weather Service

. ® @ National Centers for Environmental Prediction
5830 University Research Court
| N ew an d U pCO min g (] College Park, MD 20740-3818

Observations

® Office Note 517
https://doi.org/10.25923/kqra-6z66
°S o

: ’-?-\cl)%\i)arl:(;] rcr;intl nuous DA .!;;i. Data Assimilation Strat:gyE:I:I: Development Plan for

- Cou D led DA = o ot Environmental Modeling Center

m Al/ML

m Reanalysis @ gele s® o3° . Sonf e g o B o B T S o

m Development Practices HEARROPHEEP ol oo
Data Assimilation Vision - Holistic o

Approach

m JEDI, Partnerships, Embracing _ : )
Change, and Workforce https://doi.org/10.25923/kqra-6z66

m Risk Management
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AlI/ML for Operational DA Priorities

From EMC DA Strategy, Section 3.6 Summary Table

1. Observations — quality control, data selection, bias correction, superobservations,
extraction of maximal information content, anomaly detection and operational monitoring;

2. Forward operator emulation — computational efficiencies, replacement for complex
operators;

3. Background error — computational efficiencies, multivariate aspects and coupled
assimilation, parameter estimation for error models;

4. Background — dynamic downscaling, bias correction;
Model error — estimation and correction;

6. Emulator exploitation — replacement for TL/AD in 4DVar, efficient creation of huge
ensembles to avoid localization;

7. Hybridization — explicit blending of ML and DA joint frameworks; pathways to going
directly from observations to simulation/emulation.

EMC DA Team now has an Al/ML “Study/Working Group” — pursuing many new Al-based projects both small and large
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Atmospheric Motion Vectors: Clustering for Superobservations
133, OOO AMVs ------- clustering --> 27,000 super observatlons

133138 AMVs generating 26674 superObs

ST

-
o

_ A clustering approach for AMV superobs:
=12 s e reducing data volume (operational efficiency)
e e combining similar, nearby AMVs (focus on information
content)
e addressing spatial error correlation (alternative to thinning)
e producing unified set of observations from disparate AMV
sources

=

zonal flow disagreement
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Atmospheric Motion Vectors: Superobservation Error Estimation
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Error estimation/assignment is critical for assimilation

Ability to learn type-dependency on error; differences among GOES types is similar to observed in
departure statistics

With same profile but no ob type information, can predict generic error profile (upper right, black) that
appears reasonable
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Toward ML-based Quality Control (example: aircraft)

typ tot pac<7 pac>7 pac=8 pac=9 pgc=10 pgc=11 pgc=12 pgc=13 pgc=14 pgc=15 use=-1
140000

230 1197| 1128]| 69| 0 0 0 0 0 69 0 0 83
231 18524 16892| 1632| 0 0 0 0 0 1632 0 0 1899
233 144779| 138095] 6684 | 0 0 0 0 0 6684 0 0 6778 0 0 1 120000
234 2300] 1753 547| 0 0 0 0 0 547 0 0 579
235 522| 516| 6| 0 0 0 0 0 6 0 0 6
236 338| 338] 0] 0 0 0 0 0 0 0 0 0 —_ 100000
tot 167660| 158722| 8938| 0 0 0 0 0 8938 0 0 9345 B

= 80000

Need to examine why E
Observation Inventory For Quality Control Training by Type the Al wants to accept 60000
so many observations
# import the training dataset Ay & PR .
A5 pmite 26 6 TRAIN THE Al/ML/QC MODEL v rejected by ACQC/GSI 40000
import matplotlib.pyplot as plt
from pandas.api.types import is_string_dtype, is_numeric_dtype
:razn = "tra?ns/yt}ra;nra%r—uv:: 20000
P e e
e b e read
df = pd.read_csv(train)
df.head()
00 10
from sklearn.model_selection import train_test_split Predicted label
from sklearn import preprocessing
X = df.drop(columns=["'qmk"', 'pmk'])
y = df['qmk']
e ey prepare typ lat  lon  prs  umf  vmf) qmk | pmk S8
from sklearn import preprocessing
ler = prepr: ing.StandardScaler()

e 0| 233.0 -10.997 -0.007 2273 3.921 7.448| 00| 1.0 | 0.0
# fit and run the model on trining data .
e e B e train 1| 2310 -5400 8927 2274 0.031 -1379 0.0 1.0 || 0.0

from sklearn.datasets import make_classification
clf = MLPClassifier(hidden_layer_sizes=(50,50),random_state=1, max_iter=200, verbose=True
clf.fit(X,y); yp=clf.predict(X)

2| 231.0 -4743 8283 227.0 -0.699 -5.167 0.0 1.0 || 0.0

# show the confusion matrix

Comaslmis ot o sredctions o display 3| 2310 -4080 7.637 2274 -4802 -2532| 00| 10|00
mpors Jowin et e save 4| 2310 -3413 6987 2274 -2920 -1.777| 00| 1.0 || 00
joblib.dump(clf, model)

Attempting to learn Quality Control for aircraft based training HrEHcR

observations
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Bias Correction

e Variational Bias Correction has been critical for advanced/improved use of satellite
observations (extended to other observation types)
o Extremely effective - deals with instrument drift, representativeness issues, etc.
o However, makes observations “look” like background in absence of anchor
observations

Linear predictor model for bias in each channel:

b(X,ﬁ): i ﬂipi(x)

Cost function:

J,,: background constraint for x ‘JB: background constraint for B

A A

" B ) il %
Jx,B)=(x,—x)"B.(x,—x)+ (B, —B) B, (B,—B)
+y=bx B ) xR bz ) tx)]

e ="

ol

J,: bias-corrected observation constraint
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ML-based Bias Correction . oo

@v@ ever
Build prototype ML model for bias correction of //ﬁk{/A\\@

AMSU-Amp e‘\;o Wk A\,‘. 5
o From Metop-C, 2023: 70% for training; 30% for @"»» .’\" _
S w N :
validation ,,“\ ' \

Simple neural network with one input layer, two //\\v @

hidden layers, and one output layer
o 53 inputs (based on GSI predictors) 50 neurons
for each hidden layer, 15 outputs to bias
correction for 15 channels
Summary of initial attempts: L
o Number of observations passing quality control ¥ »
has increased ’
o Error model produces smaller errors
o Ability to assimilate more cloud-impacted pixels

s OmA \J
v BC(GSI)
e BC(ML)
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ML-based Bias Correction
Match in ML .vs. Mismatch in Ctrl

Observations Passed QC

Matched in ML (total: 1042) Mismatch in Ctrl (total: 1688)
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Summary

e Expansion and acceleration of Al work is one of the
pillars of EMC DA Strategy

e Study/Working group rapidly progressing on a variety
of AI/ML projects for DA

e Many early successes with operational pathways
(improve efficiency and skill in DA/prediction)

e Early work underway toward even more radical uses:
e.g. direct prediction from observations (similar to
GraphDOP work at ECMWEF)

daryl.kleist@noaa.gov
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