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Increasing Complexity of Land Models

Demographic Veg

Dynamic Veg
Plant Functional Type Distinctions Carbon Cycle Crops, Irrigation

Stomatal Resistance A Lakes, Rivers, Wetlands Groundwater

Fisher and Koven (2020)
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Carbon Cycle Uncertainty in Land Model Projections

CMIP5: RCP8.5

Cumulated land flux (PgC)

1860 1900 1940 1980 2020 2060 2100
Year
Friedlingstein et al. (2014)
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Carbon Cycle Uncertainty in Land Model Projections

CMIP5: RCP8.5
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Carbon Cycle Uncertainty in Land Model Projections

CMIP5: RCP8.5
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Friedlingstein et al. (2014)
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CMIP6: Response to 1pctCO2
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Next
generation
models agree
on the sign,
but feature
roughly
equivalent
spread
(~1000 PgQ)
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Carbon Cycle Uncertainty in Land Model Projections

CMIP6: Response to 1pctCO2
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Uncertainty in Land Model Parameters

Biogeochemical cycles
s Surface energy fluxes Hydrology g y
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Schematic of the Community Land Model (CLM), version 5
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Uncertainty in Land Model Parameters
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Example of Parameter Uncertainty: Stomatal Conductance

Carbon dioxide enters, while water and
oxygen exit, through a leaf's stomata.
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Image: evolution.berkeley.edu Medlyn et al. (2011)
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Example of Parameter Uncertainty: Stomatal Conductance

0.7
Slope parameter represents marginal 0.6 - ¢ .
water cost of carbon gain and is an -f" 0.5 - . . .
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Medlyn et al. (2011)
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Land Model Parameter Calibration

Hand-tuning parameter
values takes a long
time (many model runs,

. ( Use value

trlal and erro r) . \i"':{_‘ ,z A Caliblrated at

single site.

Find new study: ﬁ

: —— update old, wrong

AN A=t parameter value &g/’

Two alternative
algorithms for poorly
understood process.

Different but-still-
reasonable value

Z i gives better answers

Add new structure to
account for new knowledge

Figure from Rosie Fisher
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Model Calibration, or Model Tuning

pNAS @ PERSPECTIVE

Are general circulation models obsolete?

V. Balaji**'@, Fleur Couvreux‘?, Julie Deshayes®(", Jacques Gautrais*’, Frédéric Hourdin’, and Catherine Rio*

“Thus, model calibration is not a weakness of models; it, in fact, holds the key to how model

developers learn how their model behaves, and, consequently, how the Earth system regulates itself.”
Balaji et al., 2022 [PNAS]

THE ART AND SCIENCE OF
e CLIMATE MODEL TUNING

Frepéric HOURDIN, THORSTEN MAURITSEN, ANDREW GETTELMAN, JEAN-CHRISTOPHE GOLAZ,
VENKATRAMANI BALajl, QINGYUN Duan, Doris FoLini, Duoying Ji, DanieL Kiocke, YUN QIAN,
FLoriaN RAuUsErR, CATHERINE Rio, LORENZO ToMassINI, MAsSAHIRO WATANABE, AND DANIEL WILLIAMSON

“As in art, there is also some diversity and subjectivity in the tuning process
because of the complexity of the climate system and because of the choices

made among the equally possible representations of the system.”
Hourdin et al., 2017 [BAMS]
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Barriers to Systematic Model Calibration

. Interacting process complexity
. Large and poorly constrained parameter spaces

. Prohibitive computational

COS tS (e. g. ) Spin -Up an d Earth system model Biospherer;atmosphere
exchanges
model ensembles)

Uncertainty in observations e
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Energy
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Bonan and Doney (2018)
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Benefits of Systematic Model Calibration

Snow Physics

new parameterizations, different ; ‘—1—’/ Ry ;

Aiding model development: testing i n | ([ .

resolutions, component coupling <> [rsurtonce
- . = - P Simplified Model for
Maintaining a hierarchy of model Tt e tegeaion i
complexity (e.qg., CLM-SP, BGC, T
FATES) ikt N

Actionable science: providing an —

easily deployable tool for different e sottss | e Secomposton]]
f i <> | Hydrology |
study domains —

¢ Therm?zl <—| Plant Physiology Simgl(i)?le:c i\)/:ggslfor
Increasing the model community ronir

Simplified Model for
and user base

(b) Some Possible Simplified
Configurations of a Land Surface Model

Fisher and Koven (2020)
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Land Model Parameter Calibration
Hand-tuning parameter .
. eaneve

values takes a long
time (many model runs,
| d% Can we use machine
Find new studly: . -
wpaaeold,wong < learning for systematic i
Different but-still-

trial and error).
parameter value i} .
parameter calibration?

: <7 reasonable value
Two alternative e
algorithms for poorly gives better answers
understood process.

Add new structure to
account for new knowledge

Figure from Rosie Fisher
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Land Model Perturbed Parameter Ensemble

Land model”* perturbed parameter
ensemble (PPE) using 100
parameter combinations generated
with Latin Hypercube sampling

*Offline global land-only (CLM5SP) simulations forced by atmospheric reanalysis data

NCAR
UCAR

ML for Emulation and Calibration




Land Model Perturbed Parameter Ensemble

Parameter 1 Parameter 2 Parameter 3
Land model* perturbed parameter =
ensemble (PPE) using 100 81
parameter combinations generated Random ¢ s
with Latin Hypercube sampling sampling & |

0_ . -
0.00 0.25 050 0.75 1.00 0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00

Latin 4
SEE=3cc hypercube
sampling

counts
w

0_ d |
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*Offline global land-only (CLM5SP) simulations forced by atmospheric reanalysis data
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Machine Learning for Land Model Emulation

Inference Mode

Input: NEW land model parameter
values unseen by the emulator

Surface energy fluxes Hydrology

Impermeable Bedrock

NCAR

Trained neural network emulator

Input Layer

Hidden Layer 1 Hidden Layer 2

Inferring the parameter response

1.0 1

Output: predictions of
variability in carbon and
water fluxes

PC1 GPP

Emm CLM PPE, n=100
¢ Inflated Ensemble, n=1000

Dagon et al. (2020)
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Increase in Computational Efficiency

Land model perturbed

parameter ensemble Neural network emulator

Input Layer

Hidden Layer 1 Hidden Layer 2

a ~2 hours per 2.6 seconds to generate
simulation predictions!

NCAR
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Interpretability Sheds Light on Physics

Carbon Flux Variability Water Flux Variability

GPP Original LHF Original

medlynslope medlynslope

dleaf dleaf

kmax kmax

fff fff

dint dint

baseflow_scalar baseflow_scalar

0 0.005 0.01 0.015 0.02 0 0.002 0.004 0.006 0.008 0.01
Mean Squared Error Mean Squared Error

Variable Importance
» Randomly shuffle values of one parameter (preserving others) and test performance of emulator.
« Skill metric is mean squared error between predictions and actual values.
« Larger bar means the parameter is more important to the predictive skill of the emulator.
Dagon et al. (2020)
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Interpretability Sheds Light on Physics

Carbon Flux Variability Water Flux Variability
GPP Original LHF Original
Hydr medlynslope medlynslope
Precipitation
dleaf dleaf
4— kmax kmax
i fif Medlyn et al.
(2011)

dint dint
Kennedy et al. baseflow_scalar baseflow_scalar

(2019) I T T T T I T T T T T

0 0.005 0.01 0.015 0.02 0 0.002 0.004 0.006 0.008 0.01
Mean Squared Error Mean Squared Error

Variable Importance

» Randomly shuffle values of one parameter (preserving others) and test performance of emulator.
« Skill metric is mean squared error between predictions and actual values.

« Larger bar means the parameter is more important to the predictive skill of the emulator.

Dagon et al. (2020)
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UCAR ML for Emulation and Calibration



Optimize Emulator Predictions for Calibration

Water Flux Variability

Carbon Flux Variability

Calibration | ——
| W NN Predictions

» Use a cost function to minimize error in
emulator predictions relative to observations.

* Find some “best fit” parameter values.

Counts

2 3 U U 2

J(p) — E § Y Uam(p) — Uobs,v,m
o v,m
a(U. )
v=1 \\mzl / obs*,u,m
/ Emulator Observations
Sum over output predictions for
i parameters p
variables v

Normalize by standard

Sum over modes m for each term, deviation in observations

weighting by % variance
Dagon et al. (2020)
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Optimize Emulator Predictions for Calibration

Calibration

Use a cost function to minimize error in
emulator predictions relative to observations.

Find some “best fit” parameter values.

Testing

Optimized CLM - Observations  gc m?day"
P TR | o

Carbon Flux Variability

35 4 = FLUXNET obs
= CLM PPE
W NN Predictions

| | PRI R

Water Flux Variability

Counts

Default CLM - Observations gC m* day”
| I T T T B B B B B R

Test optimized predictions in the full
global land model.

Improvement in global, annual mean
biases; regional/seasonal results
mixed- what are we missing?

90N

NCAR
UCAR

ML for Emulation and Calibration
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Improving and Refining Our Approach

What are we missing?

e [imited complexity: CLM with satellite phenology (SP), not full biogeochemistry (BGC)
e Minimal sampling: 6 parameters, 100 ensemble members

e (Choice of metrics: annual mean spatial variability

e Choice of cost function: accounting for additional sources of uncertainty

e Choice of calibration targets: carbon and water fluxes

Biogeochemical cycles CLMS.O

5 Surface energy fluxes Hydrology
o !
O, ;OE o Precipitation Prictosyhithesls BVOCs
AGQ‘ £ g 3 2 % Momentum flux Fire “ Q
Yoy o] § E" 2 T Windspeed y t Autotrophic
e,\\ 56 & E a Transpiration v respiration
a - ] Evaporation ‘
o -]
Reflected solar o @ § 2 ,
Q3 5 3
g Phenology .
Absorbed solar T £ E" Throughfall v

Evaporation

Aerosol » imati _ N dep CH
. , Surface N fi o
deposmon\ L’ i &J Melt Infiltration runoff M& “thte fall | ‘ :i::::;; c:r x N,O !

Root litter .

= _g_ = k G- L ‘N N Denitrification
Soil N leaching
C/IN N mineralization N

Soil (sand, clay, organic

Bedrock

Impermeable Bedrock
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Leaf Area Index (LAI)

The amount of leaf area Ground area
. . JpmemaEs . coveredbyplant _.---... <
per unit gridcell area TR § e

-
-
------

-
......

Plant A Plant B
Leaf area = 40% Leaf area = 80%
of ground area of ground area
(leaf area index = 0.4) (leaf area index = 0.8)

Pearson Education

NCAR
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Leaf Area Index (LAI)

The amount of leaf area
per unit gridcell area

Closed canopy forest: LAI~4 m?/m?

HEQE ‘ Leaf Area Index




Leaf Area Index (LAI)

The amount of leaf area
per unit gridcell area

Closed canopy forest: LAI~4 m?/m?
Grassland: LAI~2 m?/m?
Global average: LAI~1 m?/m?

HEQE ‘ Leaf Area Index




Leaf area index correlated with many environmental variables

Photosynthesis
Carbon uptake

Fire emissions

NCAR
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Leaf area index correlated with many environmental variables

Photosynthesis
Carbon uptake

Fire emissions

s& Latent heat flux

Albedo

NCAR
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Leaf area index correlated with many environmental variables

Drought
Temperature Photosynthesis
Human management Carbon uptake
CO, concentration

. Fire emissions

s& Latent heat flux

Albedo

NCAR
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CLM can use prescribed or prognostic LAI

%a Surface energy fluxes
9, P,
Aoq. £ Cs :é Momentum flux .
AN / | S5 2 S Windspeed Satellite Phenology Mode
g 82592 —
Reflectedsolar o | & | B e leaf area prescribed from
N \ tegz l” observations
S : :
- e only worry about the biophysical

Aerosol <
deposmon

N modeling

Soil (sand, clay, organic

Bedrock
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CLM can use prescribed or prognostic LAI

%a Surface energy fluxes
9, P,
Aoq. £ Cs ::__5 Momentum flux .
AN / | S5 2 S Windspeed Satellite Phenology Mode
” 82 e8¢ —F
Reflectedsolar o | & | B e leaf area prescribed from
Absorbed solar \ 1 % 2 = & observations
Ke) . .
- e only worry about the biophysical

Aerosol C
deposmon

f/ modeling
e incomplete carbon cycle
e not suitable for SSP simulations

Soil (sand, clay, organic

Bedrock

NCAR
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CLM can use prescribed or prognostic LAI

Biogeochemical cycles

Photosynthesis BVOCs

Biogeochemistry Mode TR

Autotrophic
respiration

e prognostic leaf area
e full biogeochemistry

Heterotrop.
| respiration

_____ Denitrification

\ \
Soil s h_ N leaching
C/N N mineralization N
———————————————— “‘uptake s
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CLM can use prescribed or prognostic LAI

Biogeochemical cycles

Photosynthesis BVOCs

Biogeochemistry Mode TR

Autotrophic
respiration

prognostic leaf area
full biogeochemistry
1.75x parameters (212 vs. 120) Ve

larger spinup burden Aﬁ

o 1500 years vs. 20 years

Heterotrop. N fix
| respiration

_____ Denitrification

\ \
Soil k h_ N leaching
C/N N mineralization N
———————————————— “‘uptake s

NCAR
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CLM can use prescribed or prognostic LAI

Biogeochemical cycles

Photosynthesis BVOCs

Biogeochemistry Mode TR

Autotrophic
respiration

e prognostic leaf area

e full biogeochemistry Pendlogy

e 1.75x parameters (212 vs. 120) Wa=

e larger spinup burden Aﬁ ereromron. bl
o 1500 years vs. 20 years | | respiration

e typically used within CESM ’? ------

_____ Denitrification

\ \
Soil k h_ i} N leaching
C/N N mineralization N
———————————————— “‘uptake s
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Land Model (Large) Perturbed Parameter Ensemble

Land model has over 200 parameters!
What if we sample all of them?

CLMS5 Parameters (Total = 221)

30
29

27

20 22

18

1
15 2 15

10
10 g 10 g 10

# Parameters

NCAR
UCAR
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Land Model (Large) Perturbed Parameter Ensemble

ROADMAP

1. Ildentify and define parameter
ranges — what is a “parameter”?

Land model has over 200 parameters!
How do we sample all of them?

CLMS5 Parameters (Total = 221)
2. Infrastructure development:

29 parameter sampling, ensemble
27 generation, computational efficiency

30

20 22

18

1
15 2 15

10

# Parameters

NCAR
UCAR

‘ Improving Our Approach



Land Model (Large) Perturbed Parameter Ensemble

ROADMAP

1. Ildentify and define parameter
ranges — what is a “parameter”?

Land model has over 200 parameters!
How do we sample different climate conditions?

; Global Annual Mean TLAI 2. Infrastructure development:
parameter sampling, ensemble
N ‘ generation, computational efficiency
3. Run one-at-a-time (OAAT)

Distributions of ‘ _
global, annual 3] perturbations with all 221

8
<
E
mea”.tzta' I(T'?jt\l) < parameters, multiple forcing scenarios
area index E + :
under various E ’ + (e.g., low/high CO,).

forcing scenarios.

CTL2010 285 867 AF1855 AF2095 NDEP
Forcing Scenario

NCAR
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Can we avoid large-scale plant die off?

Parameter sets that look good in present-day
might not survive through pre-industrial conditions (low CO,)

C285: which PFTs survive? _
alive

Trees

— dead

Plant Functional Type

0 100 200 300 400
Perturbation

NCAR
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Can we avoid large-scale plant die off?

Parameter sets that look good in present-day
might not survive through pre-industrial conditions (low CO,)

‘ C285: which PFTs survive? _
alive

Trees

— dead

Plant Functional Type

0 100 ' 200 300 400
Perturbation

NCAR
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One-at-a-time ensemble (OAAT)

~200 parameters — — ~400 simulations

NCAR

UCAR ‘ OAAT ensemble overview



One-at-a-time ensemble (OAAT)

~2400

~200 parameters — B _
simulations

NCAR
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One-at-a-time ensemble (OAAT)

~2400

~200 parameters — — . :
simulations

1° resolution

2,500 pe-hrs

250 pe-hrs/yr * 10 yr simulation = _ )
per simulation

NCAR
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One-at-a-time ensemble (OAAT)

~2400

~200 parameters — B _
simulations

1° resolution

1500 yr spinup
250 pe-hrs/yr = +

10 yr simulation

_ 375,000 pe-hrs
per simulation

NCAR

UCAR ‘ OAAT ensemble overview



One-at-a-time ensemble (OAAT)

allocate 2M pe-hours

~2400
~200 parameters — ~ simulations
1° resolution _
1500 yr spinup
250 pe-hrs/yr = + —— 5 simulations

10 yr simulation

NCAR
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One-at-a-time ensemble (OAAT)

allocate 2M pe-hours

~2400

~200 parameters — ~ simulations

2° resolution

1500 yr spinup
70 pe-hrs/yr = + ——20 simulations

10 yr simulation

NCAR
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One-at-a-time ensemble (OAAT)

allocate 2M pe-hours

~2400
~200 parameters — ~ simulations
sparsegrid _
1500 yr spinup
5 pe-hrs/yr * + —— 250 simulations

10 yr simulation

Hoffman et al. 2013, Landscape Ecology

NCAR
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One-at-a-time ensemble (OAAT)

allocate 2M pe-hours

~2400
~200 parameters — ~ simulations
sparsegrid _ matrix-CN
140 yr spinup
5 pe-hrs/yr * + —— 2600 simulations
10 yr simulation

NCAR

UCAR ‘ OAAT ensemble overview 49



Infrastructure Developments

CLMS5 Parameter List ¥¢ &) W =
File Edit View Insert Format Data Tools Extensions Help Last edit was seconds ago
~ o~ @ P 100% v $ % .0 .00 123v  Arial ~ 10 ~ B I S A < H = i1~ Plv Wy o @ 4]
5101 v
> D E F G «» S
1
name location min max References for parameter ranges Notes
o7  Photosynthetic capacity
(LUNA)
98 slatop P pft pft

Fisher et al. 2019, Kattge et al. 2011

99 dsladlai P 20percent 20percent
Thornton and Zimmerman 2007
100 /jmaxb0 P 0.01 0.05
101 jmaxb1 N 0.05 0.25 1
102 'wc2wjb0 P 0.5 1.5
103 enzyme_turnover_daily P 0.05 0.15
104 'relhExp P 4 8
105 'minrelh P 0.2 0.3 -
1% . teta_o g 0 099 Define parameter ranges

NCAR

UCAR Infrastructure
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One-at-a-time ensemble (OAAT)

yields an easy-to-interpret dataset

‘ OAAT ensemble overview

Global LAl (m2/m?2)
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* |ow-val
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One-at-a-time ensemble (OAAT)

yields an easy-to-interpret dataset

‘ OAAT ensemble overview
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One-at-a-time ensemble (OAAT)

default CLM5

1. vyields an easy-to-interpret dataset
2. many parameters have small effect

NCAR
UCAR

‘ OAAT ensemble overview
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I
£
—_— _ ® ©
5 2.0 ® ... ? 2 @ o ®
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One-at-a-time ensemble (OAAT)

1. vyields an easy-to-interpret dataset
2. many parameters have small effect

NCAR
UCAR

‘ OAAT ensemble overview
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One-at-a-time ensemble (OAAT)

yields an easy-to-interpret dataset
many parameters have small effect
latin hypercube of 200+ params
seemed tenuous

NCAR
UCAR

‘ OAAT ensemble overview

Global LAl (m2/m2)

3.0
’
2.5 - ."",
»
® oy -
2.0 1 ','- - 140 params
¢ . influence LAI
. - by <2%
1.5 e .
e high-val
* low-val
1.0 | I I
0 50 100 150 200
Parameter




Parameter Ranking Diagnostics

kmax 4G ; ®
leaf long A C, @
jmaxbo | ® o Which parameters have the
imaxb1 - . H_- largest effect on
5 global leaf area?
wc2wjbO0 A G @
Imr_intercept_a - @ ©
slatop - e o | default
: ® high-val
medlynintercept - @ & O low-val

1.50 1.75 2.00 2.25 2.50
Leaf Area (m2/m?2)

NCAR

UCAR ‘ OAAT ensemble overview




Parameter Ranking Diagnostics: by biome

Tropical rain forest

Boreal forest

kmax 1 ; jmaxb0 -
leaf long 1 C ® jmaxbl 91 G
nstem A C, tpu25ratio 1 G J
psi50 C, @ Imrhaq ©
medlynslope - ® © wc2wjb0 A C, D
Imr_intercept_a - @ © leafcn @ ©
wc2wjb0 A C,  J slatop - C,
jmaxb0 - C @ tpuha - @ ©
6 8 15 20 25 3.0

Leaf Area (m2/m?2) Leaf Area (m2/m?2)
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Useful Community Resource

Mix and match parameter rankings

Soil moisture
Albedo

NCAR

UCAR ‘ OAAT ensemble overview

Variable Domain Metric Forcing Scenario
Leaf area Global Mean Control
Photosynthesis Biome Interannual variability High/Low CO,
Fire Plant type Seasonal amplitude Future/PI Climate
Energy fluxes +Nitrogen




Interactive Visualization

medlynslope_max-medlynslope_min DataVar
<53 e o - .- a4
< e () - s =~ TLAI %

Parameter

{ medlynslope v

HEQ& ‘ OAAT ensemble overview




OAAT Deliverables

Featherweight CLM

Collated parameter ranges

Ensemble generation workflow

Python analysis library

Extensive diagnostics of CLM5 parameter sensitivity

e

O github.com/djk2120/cim5ppe

NCAR

UCAR ‘ OAAT ensemble summary



Arctic hydrology (NCAR-RAL)
o Yifan Cheng: LMWG talk yesterday

e Large-sample watershed modeling (NCAR-CGD)
o Guogiang Tang: talk yesterday

e Runoff sensitivity (Michigan State)
o Ahmed Elkouk: talk yesterday

e Land-atmosphere interactions (Univ Washington)
o Claire Zarakas: talk today at 1Tom MT

e NEON site calibration (Auburn Univ)
o Thomas Kavoo: talk today at 1:15pm MT

e LAl calibration (NCAR/Columbia)

o Linnia Hawkins: talk today at 2:15pm MT

NCAR

UCAR ‘ If you build it ...



Arctic hydrology (NCAR-RAL)

Large-sample watershed modeling (NCAR-CGD)
Runoff sensitivity (Michigan State)
Land-atmosphere interactions (Univ Washington)
NEON site calibration (Auburn Univ)

LAl calibration (NCAR/Columbia)

ET recession timescales (Oregon State)

FATES PPE (NCAR)

CONUS streamflow (PNNL)

Land influence on drought (NCAR)

Hydrologic sensitivity (Cornell Univ)

Tropical carbon cycle interannual variability (JPL)
GPP response to permafrost thaw (NAU)

NCAR

UCAR ‘ If you build it ...



Land Model (Large) Perturbed Parameter Ensemble

ROADMAP
Land model has over 200 parameters!

How do we rank and select important parameters? 1. Identify and define parameter
ranges — what is a “parameter”?

2. Infrastructure development:
Global Annual Mean TLAI parameter sampling, ensemble

— : ) generation, computational efficiency
leaf_long 1 e : ©° . .
“Top 10” — . . (e.g., fast spin-up, sparse grid).
gfggge;irﬁuf;r e — 3. Run one-at-a-time perturbations
mean total leaf < ) ) with all 221 parameters, multiple
Imr_intercept_atkin 1 L : . . ,
area index (TLAI) ' | . forcing scenarios (e.g., low/high CO,).
under control T . .
climate. medVNINEICEPE v default | 4. Parameter selection: variables of
NS o : interest, metrics, biomes,
froot_leaf 1 b . .
~ e s " —~ ~ - environmental perturbations.
TLAI [m”~2/m~2]

5. All-at-once ensemble with a subset
of parameters focused on a particular
calibration target.

NCAR

UCAR ‘ Improving Our Approach



Multifactor Ensemble

Focused on LAI calibration:

e challenging, but tractable
e foundational variable within CLM5-bgc
e oObservational constraints

Experimental Design:

subset 32 relevant parameters
500 simulations

fully transient, 1850-2014

Latin hypercube (LHC) sampling

NCAR

UCAR LHC ensemble overview



Hypercube results are difficult to parse directly
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Comparing Emulation Algorithms

Gaussian Process Regression Artificial Neural Network
3{ r=093 7 r? =079 s
I""’ 27 .’»‘"’ L ] ®
21 ° /”’ ”I’ . ®
* o /‘ .. 0 g®
1 a° : /.‘..‘= 1 ¢ ° ': ;,:'.' ¥ .::
:qc-I‘, [ ] ':;.. :g’_.‘, .“.. .. ”.’. -
% .o ’R’.".‘.. _-;—’ n '0::,1...0
@ 0 P A g 0 L
& .0. ,f’ ® ol {" °
,J.‘ [ ] [ ] - ,\’.
-1 o.’/ 1 = o o
) ’r. ’~ = .’r'
-2 1 L4 "’,’; L ',r"”
P -2 2
-2 -1 0 1 2 3 -2 -1 0 1 2
Actual Random Forest Actual
44 =061 i
3 **Preliminary™*
- hyperparameter tunin
Emulating global 2] Gl g
- 5 In progress!
annual mean leaf g, S . 3
= -t ° L)
area index. 8 RO 2 PR
T o‘(. o-/;( 3% °
e®0 o 0.7 ..V .
Ll ] ‘. 4"’ ... ° - .
1 o« 2l
° "z
Thanks to the ESEm Python package:
21 o https://qithub.com/duncanwp/ESEm
) ) 0 1 2 3 2 Watson-Parris et al. 2021
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https://github.com/duncanwp/ESEm

Identify nonlinear responses

170 -
Q160 - .
& iIncreased kmax:
% saturating effect on
E 150 1 photosynthesis
O
©

140 ~

130 -

0.0 0:2 014 Of6 0?8 1.0

kmax (normalized)

NCAR

UCAR LHC ensemble overview
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Model Calibration

Main challenges:
e dimensionality
e equifinality
e structural errors

NCAR

UCAR ‘ Calibration



Global leaf area index

O observations

global - O

- CLM5.1-BGC
. default parameters

0 1 2 3 4 5 6
LAl (m2/m2)

NCAR
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Global leaf area index

NCAR
UCAR

‘ Calibration

global -

O observations
x member-70

- CLM5.1-BGC
. default parameters

1 2 3 4 5 6
LAl (m2/m2)




Equifinality

LHCO0070: LAI=1.03

froot_leaf X
a_fix 1 X
theta_cj - X
member70 eafen | x
nstem A X
stem_leaf X
fff - X
tpuse_sf X
Imr_intercept_atkin - X
kmax - X
d_max - X
soilpsi_off - X
psi50 X
crit_dayl - X
fstor2tran - X
jmaxb0 - X
kcha - X
wc2wjb0 A X
sucsat_sf 1 X
grperc X
medlynintercept - X
KCN A X
slatop - X
medlynslope - X
krmax X
Imrhd A X
Imrha - X
tpu25ratioq X
FUN_fracfixers 4 X
qlo_mrq X
jmaxbl 1 X
leaf_long X

0.00 0.25 0.50 0.75 1.00
normalized value

NCAR

UCAR Calibration



Equifinality

LHCO0070: LAI=1.03

froot_leaf X
a_l;)\
theta_cj - X
member70 eafen | x
nstem A X
stem_leaf X
fff - X
tpuse_sf X
Imr_intercept_atkin - X
X
X

kmax -
d_max -
soilpsi_off - X
psi50 X
crit_dayl - X
fstor2tran - X
jmaxb0 - X
kcha - X
wc2wjb0 A X
sucsat_sf 1 X
grperc X
medlynintercept - X
KCN - X
slatop - X
medlynslope - X
krmax X
Imrhd A X
Imrha - X
tpu25ratioq X
FUN_fracfixers 4 X
qlo_mrq X
. ARidlk
leaf_long -

X

0.00 0.25 0.50 0.75 1.00
normalized value
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Equifinality

LHC0070: LAI=1.03 LHCO01l61l: LAI=1.04
froot_leaf - X froot_leaf X
a_fix 1 X a_fix X
theta_cj - X theta_cj - X
member70 eafen | x eafen - x member161
nstem A X nstem q X
stem_leaf - X stem_leaf X
fff - X fff 4%
tpuse_sf X tpuse_sf - X
Imr_intercept_atkin - X Imr_intercept_atkin - X
kmax - X kmax - X
d_max - X d_max - X
soilpsi_off - X soilpsi_off X
psi50 A X psi504 X
crit_dayl - X crit_dayl X
fstor2tran - X fstor2tran X
jmaxb0 - X jmaxb0 |
kcha A X kcha - X
wc2wjb0 A X wc2wjb0 A X
sucsat_sf 1 X sucsat_sf 1 X
grperc X grperc X
medlynintercept - X medlynintercept - X
KCN A X KCN X
slatop - X slatop4 X
medlynslope - X medlynslope X
krmax X krmax X
Imrhd A X Imrhd - X
Imrha - X Imrha - Y
tpu25ratioq X tpu25ratio A X
FUN_fracfixers 4 X FUN_fracfixers - X
qlo_mrq X ql0_mr - X
jmaxbl 1 X jmaxbl A X
leaf_long X leaf_long A X
0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
normalized value normalized value

NCAR

UCAR Calibration



PFT-Level Leaf Area Index

c3_crop 1

Plant Functional Type (PFT) c4 grass -
c3_non-arctic_grass -
c3_arctic_grass A
broadleaf deciduous_boreal _shrub A
broadleaf deciduous_temperate_shrub -
broadleaf evergreen shrub -

broadleaf deciduous boreal tree -
broadleaf deciduous temperate_tree -
broadleaf_deciduous_tropical_tree -
broadleaf_evergreen_temperate_tree A
broadleaf evergreen tropical tree -
needleleaf deciduous boreal tree -

needleleaf evergreen boreal tree A

needleleaf evergreen_temperate_tree -

O

O observations

0

3

4 5 6

LAl (m2/m2)




PFT-Level Leaf Area Index

NCAR
UCAR

Plant Functional Type (PFT)

Beware of

PFT tradeoffs

‘ Calibration

c3_crop T

c4_grass -
c3_non-arctic_grass A
c3_arctic_grass -
broadleaf deciduous_boreal _shrub -
broadleaf deciduous_temperate_shrub -
broadleaf evergreen shrub -

broadleaf deciduous_boreal tree -
broadleaf deciduous temperate_tree -
broadleaf _deciduous_tropical_tree -
broadleaf_evergreen_temperate_tree A
broadleaf evergreen tropical tree -
needleleaf deciduous _boreal tree -
needleleaf evergreen boreal tree A

needleleaf evergreen_temperate_tree -

xX—O

| o observations
x member-70

0 1

3 4 5 6
LAl (m2/m2)




Plant Functional Type (PFT)

PFT-Level Leaf Area Index

c3_crop T

c4_grass -
c3_non-arctic_grass
c3_arctic_grass -
broadleaf deciduous_boreal _shrub -
broadleaf deciduous_temperate_shrub -
broadleaf evergreen shrub -

broadleaf deciduous_boreal tree -
broadleaf deciduous temperate_tree -
broadleaf _deciduous_tropical_tree -
broadleaf_evergreen_temperate_tree A
broadleaf evergreen tropical tree -
needleleaf deciduous _boreal tree -
needleleaf evergreen boreal tree A

needleleaf evergreen_temperate_tree -

xX—O

O observations
x member-70

0 1

3 4 5 6

LAl (m2/m2)




PPE Spread in Carbon Fluxes

Perturbed Parameter Ensemble Spread

50
~
g o
S
X
=
s Parameter
c .
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|
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©
0]
2
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>
£ _150- |
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B 25th-75th percentile
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Repeatable Insight Generation

fast model

observations

automated p_ara_meter
sound workflows insights

numerical
methods

parameter
priors

NCAR

UCAR the overarching goal



Summary

+ Systematic model calibration is important to climate model development yet hindered by
a variety of challenges.

«» Land models in particular have large parametric and structural uncertainties, which
impacts assessment of emergent climate features such as the land carbon sink.

«» Machine learning emulation can help optimize resources and reduce subjectivity in model
calibration.

< CLMS PPE community datasets resulting in many offshoot projects and will be publicly
available.

github.com/djk2120/ppe _tools
. , _ _ _ github.com/djk2120/CLM5PPE
< We’re making progress towards open source model calibration tools. O github.com/katiedagon/CLMS _

ParameterUncertainty

Thanks! djk2120@ucar.edu
Questions? kdagon@ucar.edu

NCAR

UCAR ‘ Summary
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Assessing Emulator Performance

Carbon Flux Variability

0.4

NN Predictions

NCAR
UCAR

r’ = 0.95

NN Predictions

1/11/23

T

0.0 0.3

0.1 0.2
CLM Model Output

“Best” emulator trained on original parameter values and model output.

0.4

K. Dagon

Water Flux Variability

0.2

O:1 =

0.0 -

—0.1 ~

=0.2 A

r2 = 0.96
e I.‘/‘
./
7

7

T T

—0uk 0.0 0.1 0.2

CLM Model Output

Dagon et al. (2020)
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Gaussian Process Emulation

Leaf Area Index
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PFT-Level Leaf Area Index

c3_crop T

c4_grass -

c3_non-arctic_grass A

c3_arctic_grass -

broadleaf deciduous_boreal _shrub -
broadleaf deciduous_temperate_shrub -
broadleaf evergreen shrub -
broadleaf deciduous_boreal tree -
broadleaf deciduous temperate_tree A
broadleaf _deciduous_tropical_tree -
broadleaf_evergreen_temperate_tree -
broadleaf evergreen tropical tree -
needleleaf deciduous _boreal tree -
needleleaf evergreen boreal tree A

needleleaf evergreen_temperate_tree -

xX—O

O observations
x member-70

RMSE=1.26 m2/m2

O observations

0 1
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UCAR ‘ LHC ensemble overview
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