A Novel Data Assimilation Technique to
Better Resolve Ensemble
Overconfidence

Guan Xin (Max)
Moha Gharamti

Jeffrey Anderson NSE % NCAR

OPERATED BY UCAR



MSLP (mb) [mean; member centers]

FOO0O Valid: Tue 2026-07-14 06z

Init: Tue 2026-07-14 06z ICON-EPS




Numerical Weather Prediction (NWP)

Cornerstone of modern
weather forecasting

Computationally efficient,
but approximate
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ECMWF Ensemble

EPS 00Z Cycle
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Ensemble Collapse

» DA strictly contracts

spread, but not always In

the right place

 Ensemble spread
collapse can kill DA

* Occurs due to sampling
error and model error
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Inflation

Becomes

*Changes only the
spread

Better able to assimilate
observations

*Mitigates model
“*over-confidence”’
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With Inflation
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Spatiotemporally Varying
Observations

 Observations are tied to
specific locations

e DA Increments are also
localized

Image Credit
Raeder, K., et al., 2021, Sci Rep, 11,




Spatiotemporally Varying Inflation
Algorithms

Relaxation to Prior Spread " / Perturbation “/ (RTPP /
RTPS)
» Good for sampling error, less effective for model error
* |[ssues with bounded / non-linear variables

» Adaptive (Multiplicative) Inflation 4]
* Issues with highly varying observation systems

1. Zhang, F.* 67412604 ok dRater&ala182,Gf REsesgations at current timepoint
2. Whitaker, J. S., Hamill, T. M., 2012, Mon. Weather Rev., 140, 9, 3078-3089.

3. Anderson, J. L., 2007, Tellus A, 59, 2, 210-224.

4. Anderson, J. L., 2009, Tellus A, 61, 1, 72-83.
5. Bl Gharamti, JM., 2018, Mon. Weather Rev., 146, 2, 623-640.
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Kalman Inflation
Actual
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lensemble_projectname=Default_DART_Ensemble
gnsemble_projectname=Larger_DART_Ensemble
Qutput_main_projectname=Larger_Test_Posterior_CovInf
Boutput_main_projectname=Larger_No_DA_Reference
#output_main_projectname=Larger_Moha_Prior_Reference
#output_main_projectname=Larger_Single_SS_Prior_Reference
gnsemble_directory=/Users/xinguan/DATA
Bbs_repository=/Users/xinguan/DATA/obs_repository/L96
fi_ensemble_members=22

Is_regular_obs=1 # @ =No, 1 = Yes

Is_regular_obs_2=1 # @ = No, 1 = Yes

Is_irregular_obs=0 # @ = No, 1 = Yes

1s_random_obs=0 # @ = No, 1 = Yes | Note: not fully random, consistent in time

# | : for fully random obs, generate manually, then set is_full_random_input=1

f_tasks=Z

Is_clean_output_directory=1 # @ = No, 1 = Yes

Is_perfect_model_obs=0 # @ = No, 1 = Yes

Es_generate_obs_input=0 # 0 = No, 1 = Yes

Us_run_ Fllter— # 0 = No, 1 = Yes

Is_save_obs # 0 1 = Yes

- Methodo Z-gy

@bs grab filepath_header=cbs_seq_dense
gs_full_random_input=0 # @ = No, 1 = Yes | REQUIRES 1is_generate_obs_input=0

grior_inflation_type=0
posterior_inflation_type=6
Initial_prior_inflation=1.00
Initial_posterior_inflation=1.0214
inflation_increment_prior=0.002
inflation_increment_posterior=2.002
gxperiment_count=10

Is_tuning=0>2 # 0

= No Inflation, 3
= No Inflation, 3

Single SS, 5
Singlea 55, 5

Moha Inflation, ©
Moha Inflation, 6

My Inflation
My Inflation

# 0
# 0

False, 1 = True
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Experiment Overview

Time = 0000 Hrs

| orenz 96 ]

Data Assimilation

Research Testbed
(DART) 2]

2 Kalman Inflation
variants

1. Lorenz, E. N., 1995, ECMWF, Seminar on Predictability.

2. El Gharamti, M. et al., 2025, Bull. Am. Meteorol. Soc., 106,
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Observing
S5ystems

* Mimic spatiotemporal
variability

* Multiple Observing
Networks
* Everywhere
* Varying

Time: 0000 Hrs
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Experiment Setup

*Each set has 10 experiments
*10 different reference truths as basis for observations

*Each experiment lasts 30000 days
*Either 30000 or 60000 DA cycles
« /20000 model timesteps

*Tuning primarily based on forecast RMSE
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Inflation Types Compared

Adaptive
Inflation

Prior

Implementation
Details

Temporally Varying Flavor 3

Spatiotemporally Varying ! | DART
DEFAULT,
Flavor 5

1. El Gharamti, M. (2018). Mon. Weather Rev., 146, 2, 623-640

Flavor 0

18



Inflation Tuninc

* Manual Tuning over
one reference truth
trajectory

* Inflation value not
spatially varying

* Most likely not fully
optimal

Observing | Version 1 Version 2 Version 1 Version 2
Network (10 mems) | (10 mems) | (20 mems) | (20 mems)

Everywhere
Sparse

Varying

Varying +
Small
Model Error

Varying +
Large
Model Error
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Ll » FldLlll Moo Ll LMULVITE LVVE sy o LW LLITg LLULET MULLVIITGSS SISO

: move_ahead Next assimilation window starts at: day= 29998 sec= 84601
: move_ahead Next assimilation window ends at: day= 29999 sec= 1800
. filter: Ready to run model to advance data ahead 1n time

. filter: Ready to assimilate up to 20 observations

. filter_assim: Processed 20 total observations

PE
PE
FE
PE
PE
PE
EE
PE
PE
PE
FE
PE
PE
PE
EE
PE
PE
PE

: filter: Main assimilation loop, starting 1teration59399

: move_ahead Next assimilation window starts at: day= 29999 sec= 41401
: move_ahead Next assimilation window ends at: day= 29999 sec= 45000
. filter: Ready to run model to advance data ahead 1n time

. filter: Ready to assimilate up to 20 observations

: ﬁlter'_assir_:tProcessed 20 total observations

: ﬁlgrs Hin as%imilation loop, starting iterationc@oo

: filter: No more obs to assimilate, exiting main loop

. filter: End of main filter assimilation loop, starting cleanup

. write_obs_seq opening formatted observation sequence file "obs_seq.final”
. write_obs_seq closed observation sequence file "obs_seq.final”

DO OO OO OO OO OO OOOOO O C

Finished ... at YYYY MM DD HH MM SS = 20



Table of Forecast

Observing
Network

Everywhere

Varying

Varying +
Large Model
Error

RMtSES-

20 members

Best Kalman
Inflation

Best
Adaptive
Inflation

No
Inflation

Best Kalman
Inflation

Best
Adaptive
Inflation

No
Inflation
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Observing Best Kalman | Best
Network Inflation Adaptive
(10 members) | Inflation
(10 members)

Everywhere

No
Inflation
(10 members)

Sparse

Varying
Varying +
Small Model
Error
Varying +
Large Model
Error

Table of forecast RMSEs

Best Kalman
Inflation
(20 members)

Best
Adaptive
Inflation

(20 members)

No
Inflation
(20 members)




Kdmpdne Prio
infllzation, is
hasra stnaeyly
affdcppdmrte
trendrder of
assimilation

Obs: Everywhere
Order: Left to Right
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Analysis
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Temporal Mean RMSE by Position Overall Consistency

1.175 4
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Kalman
Inflation is
more sane for
varying
observation
systems

Obs: Varying
0000 | Even indices [E
1200 | First 20

Ensemble: Analysis

Temporal Mean RMSE by Position
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Rank histograms look better for covariance
inflation
| True state more appropriately random draw from

Kalman Inflation
Adaptive Inflation




Rank histograms look better for covariance
inflation
| More stable for varying observation systems

Observing System: Everywhere, position 10, forecast

Kalman Inflation
Adaptive Inflation




Future Work

*Can be applied to non-gaussian / non-linear contexts
* Non-linear observation operators (e.g. satellite radiances)
* DA algorithms that use transport maps

*Can be adaptive as well

«Can be applied to more complex models

28



Thank you for listening!

AS
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