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What are the challenges? — Model observation integration

Improvements in climate model predictability are hampered by limited feedback
between reducing model uncertainties and designing optimal observing systems.
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Image source: E3SM’s Single-Column Model



https://e3sm.org/e3sms-single-column-model-offers-a-new-frontier-for-model-validation/

Solutions— Model observation integration
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Model-Observing System Co-Design
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Earth System Model Framework
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Uncertainty Quantification Framework

UQ is a field of study that deals with assessing, Forward process
analyzmg,.and managing ur)certallnty in various Sensitivity | | Uncertainty
mathematical models and simulations. analysis propagation
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Computational Framework

Optimal Experimental Design
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Perturbed Parameter Ensemble (PPE)

297 parameters in clm_params.nc-> 26 parameters
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Quantities of interest

The Earth’s Energy Budget: Carbon and biogeochemical cycle:
e Sensible heat flux (H) e Gross primary productivity (GPP)
e Latent heat flux (LE) e Net ecosystem exchange (NEE)
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Model calibration-Definition

Question
Input Model .
Parameters Qutput. How can we improve
1 mode model performance with
%ﬁ LS"‘:';*, observation?
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observed data.
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Model calibration-Classes

Classes
T —— Non-likelihood-based calibration
Parameters Output

Variables

Z(0): sum/root mean of squared residuals (i.e., the
Z 9 ke - difference between the observed and simulated
L system response)
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Model calibration Likelihood-based calibration

o ) o) Y(x,t) = m(x,t;0) + e(x,t)
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p(6|D,y) is the posterior probability of 6 given Y
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Model calibration
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Likelihood-based calibration

Technical Problem

How to accomplish the huge
amount of sampling in the

Bayesian inference?
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Statistical Emulation Likelihood-based calibration

Input Model
Parameters OL_ltput ]
| | Vaiiables N Technical Problem
" Model oy Statistical
'LSimulationJ i Emulation
\ ) How to accomplish the huge
SR aT— amount of sampling in the
Fercing Bl | il Bayesian inference?
Conditions e et
) -
Datasets 8 (9) NT(O)

R

17




How good is the emulator? Qol: GPP US-Me2
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Global sensitivity analysis
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Scientific Question

For the quantity of interest,
which parameters are the

most sensitive (important)?
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Sobol Global Sensitivity Analysis (GSA)

Variance-based sensitivity analysis

o) oo ) Var(r) = Z" +ZV‘J+ 2
Parameters vgﬁégllgs i<j
%i Model
F (Clndividuatereet )+ (ineractions )
L N ) .
—— vV = (o First-order index
rcpeoeal | ¥ = F(6) _ v
Conditions i —
' Var(Y)

\ J 9=[91,92,...,9n]
Total-effect index
Ex (Vary (Y[X.;))
Var(Y)

Sti =

20



Sobol Index

Sobol Index

Sobol GSA result
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Model calibration - Probabilistic model
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FASSt - Simulation
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Calibrated prediction at the same site

GPP
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Optimal Experimental Design (OED)
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Optimal Experimental Design (OED

Solution

OSSE Step a\

Simulated observations
with calibrated emulator 4

Problem: we haven’t measured
any data at these sites

Of the two
proposed new

US-Me2

site locations (
and B), which
one should we
choose?

Select the location
whose data, if
measured, reduces
model uncertainty the
most 2

I Model uncertainty

(parameter or prediction)




Observing system simulation exper

Problem: we haven’t measured
any data at these sites

Step1: run the model & train the emulator

Step2: simulate observations (add unmodeled
variability, model bias, instrument error)

iment EOSSEi

OSSE Step
Simulated observations
with calibrated emulator
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Observing system simulation exper

Problem: we haven’t measured
any data at these sites

Step1: run the model & train the emulator

Step2: simulate observations (add unmodeled
variability, model bias, instrument error)

iment EOSSEi

OSSE Step
Simulated observations
with calibrated emulator
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Site heterogeneity-prediction at different sites

GPP at Predicted Sites (GP emulator)
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OSSE-Simulated uncertainty reduction

US-Me2

O

Problem: we haven’'t measured

any data at these sites

Step1: run the model & train the emulator
Step2: simulate observations (add unmodeled
variability, model bias, instrument error)

OSSE Step
Simulated observations
with calibrated emulator

Simulated Uncertainty
Reduction

Select Site A to
Minimize Predictive
Uncertainty
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Model Uncertainty
(Parameter or prediction)
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Summary

Technical perspective

Emulation & Bayesian Inference

Observations Models
co-design

OSSE

Provide a novel, adaptable
computational framework for

model-observing system
co-design (Where to measure?)

Scientific perspective

GSA: identified the leading
sensitive parameters, e.qg. finr,

slatop, leaf_longevity, etc.
(What to measure?)

MCMC: Site heterogeneity
might overwhelm parameter

uncertainty (promoting new
questions for next-step
studies)
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