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Model Calibration

Are GCMs obsolete?
V. Balaji1,2 , Fleur Couvreux3 , Julie Deshayes4 , Jacques Gautrais5 , Frédéric Hourdin6 , and Catherine Rio7
This manuscript was compiled on April 15, 2022

Traditional general
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models are tuned to reproduce certain aspects of the observed Earth. We consider these shortcomings in the context of a future generation
of models that may address these issues through substantially higher resolution and detail, or through the use of machine learning techniques to match them better to observations, theory, and process models. It is our contention that calibration, far from being a weakness of
models, is an essential element in the simulation of complex systems, and contributes to our understanding of their inner workings. Models
can be calibrated to reveal both fine-scale detail, or the global response to external perturbations. New methods enable us to articulate and
improve the connections between the different levels of abstract representation of climate processes, and our understanding resides in an
entire hierarchy of models where GCMs will continue to play a central role for the foreseeable future..

climate models | calibration | machine learning | ...

“As in art, there is also some diversity and subjectivity in the tuning process
1. Introduction
change (e.g., 10). The detection of climate change requires
because of theclimate
complexity
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representations
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search into the evolving state of the Earth system over a range made
of
timescales. The term dates back to the very origin of numerical
simulation of the atmosphere (e.g., 1, 2). The equations governing
the general circulation of fluids on a spinning sphere use the basic
6/6/22 whose form specialized for the planetary
Navier-Stokes equations,
circulation were first formulated at the turn of the 20th century (e.g.,

requires counterfactual runs of a GCM where the CO2 forcing is
absent.
It may seem an odd juncture, when a Nobel prize has just been
awarded for GCM-based
K. Dagonwork, to speculate on the obsolescence
of the GCM. However, there has been a considerable body of lit-

Hourdin et al., 2017 [BAMS]
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Fig. 1. Representation of the biosphere in Earth system models (ESMs). The top
panel shows land and ocean as included in climate models, and the bottom panel shows
the additional processes included in ESMs. ESMs simulate atmospheric CO2 in response
to fossil fuel emissions and terrestrial and marine biogeochemistry. Some ESMs also
simulate atmospheric chemistry, aerosols, and CH4. Terrestrial processes shown on the
left side of the diagram include biogeophysical fluxes of energy, water, and momentum;
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Uncertainty in Remaining Carbon Budget
The remaining carbon budget to limit global warming to 1.5°C , 1.7°C and 2°C is
420 GtCO2, 770 GtCO2, and 1270 GtCO2 respectively, equivalent to 11, 20 and 32 years from 2022.
Prompt 1: Major
uncertainties
identified in IPCC AR6
2475 GtCO2 have been emitted since 1750
Uncertainty based on
model spread (IPCC
AR6) reflected through
the % likelihood.

Units are Gt CO2

Quantities are subject to [additional] uncertainties e.g., future mitigation choices of non-CO2 emissions
Source: IPCC AR6 WG1; Friedlingstein et al 2021; Global Carbon Budget 2021

Uncertainty in Land Model Projections
CMIP5: RCP8.5

CMIP6: Response to 1pctCO2

Uncertainty in
land model
structure and
parameters
Lovenduski &
Bonan (2017)

Friedlingstein et al. (2014)
6/6/22

Arora et al. (2020)
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Uncertainty
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Land Model Parameter Calibration
Hand-tuning
parameter values
takes a long time
(many model runs,
trial and error).

The Game of Climate Model Biases
Use value
calibrated at
single site.

Find new study:
update old, wrong
parameter value

Can we use machine
learning for objective
parameter calibration?
Two alternative
algorithms for poorly
understood process.

Different but-stillreasonable value
gives better answers

Add new structure to
account for new knowledge

Figure from Rosie Fisher
6/6/22
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Neural Networks as Land Model Emulators
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Optimize Emulator
Predictions
forvariable
Calibration
365 dataset.
The sum for each
is weighted by the percent variance e
Calibration
•

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

J(p) =

2
X
v=1

Sum over output
variables v

2
4

3
X

v,m

m=1

Ûv,m (p) Uobs,v,m
(Uobs⇤,v,m )

!2 3

Emulator
predictions for
parameters p

5

Observations

To explore parameter response surfaces of this cost function, we per

Normalizelarge
by standard
et al., 2015). We generate an additional
Latin Hypercube paramete
Sum over modes m for each term,
weighting by % variance

deviation in observations

each member using the trained emulators. We then compute the cost fu

Testing
•

Test optimized predictions in the
full global land model

•

Improvement in global, annual
mean biases; regional/seasonal
results mixed

370

the emulated PCs. We subset the results, selecting the 1000 members w

cost function. (For reference, the error threshold for this subset of para

the bottom right panel of Fig. 6.) We then take each parameter pair, an

Fig. 9 shows the resulting parameter space, highlighting the regions w

panels show the distributions of optimal parameter scaling values for ea
375

baseflow_scalar), the range of values is not well constrained by selecti

parameters such as fff and dint favor the edges of their uncertainty bo
Dagon et al. (2020)

exercise. However for medlynslope and kmax parameters, these plots
6/6/22

K. Dagonranges, as well as their relationships with other parameters.
10
uncertainty

Results in the Context of Climate Predictions
Inference
Input: Parameter
posterior distributions

6/6/22

Output: Predicted change in land fluxes
accounting for parameter uncertainty

DIFFERENT neural network to emulate future
climate response of land surface model

K. Dagon
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Lessons Learned
Land model has over 200 parameters!

• Parameter selection and range definition are key steps; strive
for objective assessment with often limited knowledge.
• Challenges related to land sub-grid heterogeneity (i.e., plant
functional types) and overemphasis on tropical regions are
possible areas to leverage ML.
• Additional sources of uncertainty (e.g., emulator,
observational, structural) need to be considered.
Ø The ongoing Community Terrestrial Systems Model
Parameter Perturbation Experiment (CTSM PPE) is
developing open source tools and methods to address
these issues and move towards model-agnostic automated
in conjunction with the NSF LEAP STC.

github.com/djk2120/ppe_tools

6/6/22

Figure from Daniel Kennedy
K. Dagon
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Grand Challenges and Opportunities
Grand Challenges

D. Watson-Parris et al.: Model calibration using ESEm v1.1.0

Model emulation and calibration workflow (Watson-Parris et al. 2021)

• Defining structural errors, i.e. “model discrepancy.”
• Addressing model complexity through modular and/or
hierarchical calibration.
• Designing objective and targeted emulation to reduce
epistemic uncertainty when extrapolating beyond the
emulated space (e.g., no-analog future climates).
• Exploring coupled model parameter estimation (e.g.,
land-atmosphere, land-ecosystem demography).

Opportunities
• Promoting deeper collaboration between
Earth system scientists and ML experts.
• Democratizing software, lowering
barriers to entry, engaging with open
science and development.
6/6/22

Figure 1. A schematic of a typical workflow using CIS and ESEm to perform model emulation and calibration. Note that onl
of the observed data are used for resampling the model data.

calculates the distribution and evolution of both internally
and externally mixed aerosol species in the atmosphere and
their effect on both radiation and cloud processes. We generate an ensemble of 39 model simulations for the year of
2017 over three uncertain input parameters: (1) a scaling of
NASA TOPS
the emissions flux of BC by between
0.5 and 2 times the
NCAR ESDS
github.com/nasa/Trans
baseline emissions, (2) a scaling
on the removal rate of BC
ncar.github.io/esds
through
wet deposition (the main
removal mechanism of BC)
form-to-Open-Science
by between 0.33 and 3 times the baseline values, and (3) a
scaling of the imaginary refractive index of BC (which deK. its
Dagon
termines
absorptivity) between 0.2 and 0.8. The parame-

3

Thanks!
Emulation
engines
Questions?

Given the huge variety of geophysical models
kdagon@ucar.edu
plications and
the broad (and rapidly expandin
statistical models available to emulate them, E
@katiedagon
object-oriented (OO) approach to provide a ge
tion interface. This interface is designed in suc
encourage additional model engines, either in t
age through pull requests or more informally as
resource. The inputs include an Iris cube or xarr
13 the sta
with the leading dimension representing

BACKUP

6/6/22
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Riverine carbon
outgassing annual
to decadal
Uncertainty in Land
Carbon
Sink
and its anthropogenic pertur-

global, in particular parti- see
tioning between tropics and po
bation
south
no
Interior
oceanknown sources of
annual
to decadalin each component
global of the Global Carbon
see
Table
9. Major
uncertainties
anthropogeniceffect
carbon
a demonstrated
of at least ±0.3 GtC yr 1 .
storage
Near-surface temperature
mean on all timescales
global
see
Source
of
uncertainty
Timescale
(years)
Location
St
and salinity gradients

Fossilsink
CO2(Semissions
(EFOS; Sect. 2.1)
Land
LAND ; Sect. 2.5)
Energy statistics
Strength
of CO2 fertilization

annual to decadal
multi-decadal
trend

Carbon content
of coal in
Response
to variability
temperature and rainfall
System boundary

annual to
to decadal
decadal
annual
annual to decadal

Net land-use
change
flux (ELUC ; Sect. 2.2)
Nutrient
limitation
and
supply
Land-cover and land-use
continuous

global, but mainly China and
global
major developing countries
global, in
butparticular
mainly China
and
global;
tropics
major developing countries
all countries

global; in particular tropics
global in particular tropics
global
global; in particular tropics
global
tropics

se
see

se
see

se

se
see
se
se
see

change
statistics
Tree
mortality
annual
Sub-grid-scale transitions
annual to decadal
Vegetationtobiomass
annual to decadal
Response
diffuse
annual
Forest degradation (fire,
annual to decadal
radiation
selective logging)
a As result of interactions between land use and climate. b The uncertainties in GATM have been estimated as ±0.
Wood and crop harvest
annual to decadal
global; SE Asia
se

a global annual flux assuming instantaneous mixing throughout the atmosphere introduces additional errors that ha
Peat burninga
multi-decadal trend
global
se

Loss of additional sink
capacity

multi-decadal trend

Globalglobal
Carbon Budget 2021, no
A
Friedlingstein et al. (2022)

https://doi.org/10.5194/essd-14-1917-2022
Atmospheric growth rate (GATM; Sect. 2.3) no demonstrated uncertainties larger than ±0.3 G

Uncertainty in Land Model Projections

Land carbon
SINK
Land carbon
SOURCE

Uncertainty in
land model
structure and
parameters

Lovenduski & Bonan (2017)
Arora et al. (2020)
6/6/22
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Uncertainty in Land Model Projections

Uncertainty in
land model
structure and
parameters

Lovenduski & Bonan (2017)
Arora et al. (2020)

odel mean values and the range across models for annual simulated atmosphere–land CO2 flux (a, b) and their cumulative values
rticipating CMIP6 (a, c) and CMIP5 (b, d) models from the fully, biogeochemically, and radiatively coupled versions of the
6/6/22
K. Dagon
periment. Individual CMIP6 model results are shown in Fig. A1.
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Uncertainty in Land Model Projections

Coupled Climate-Carbon
Cycle Model Intercomparison
Project (C4MIP)

n carbon flux6/6/22
(PgC), (b) cumulative global air to land
carbon flux
K. Dagon

Land carbon
SINK

Land carbon
SOURCE

Uncertainty in
land model
structure and
parameters

Lovenduski & Bonan (2017)
Friedlingstein et al. (2014)
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Image: evolution.berkeley.edu

6/6/22
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r each model fit are shown. Because Eqn (3) has one
oodness-of-fit of the models (Hilborn & Mangel, 1997).
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Example of Parameter Uncertainty: Stomatal Conductance
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Fig. 3 Visualization of the unified stomatal model Eqn (11)
Medlyn et al. (2011)
fitted to eight datasets from contrasting forest ecosystems. Details of the ecosystems are given in Table 1. Blue shades show
data
from conifers, green shows data from deciduous angiosK. Dagon
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Example of Parameter Uncertainty: Stomatal Conductance

ance

1
g1
An
= gs = go + 1.6(1 + p )
rs
D cs /Patm

Stomatal Conductance

Broadleaf Deciduous Trees
ctance using the Medlyn stomatal conductance model (Medlyn et al. 2011). Previous
0.25
Slope parameter represents marginal
tomatal resistance
is
using
the
Ball-Berry
conductance
model
as described by Collatz
water cost of carbon gain and is an
global climate
models
(Sellers
et al. 1996). The Medlyn model
calculates stomatal
0.2
important
model
parameter.
esistance) based on net leaf photosynthesis, the vapor pressure deficit, and the CO2
0.15
Leaf stomatal resistance is:
0.1

(9.1)
0.05

0
e (s m2 µmol-1 ), go is the minimum stomatal conductance (µ mol
m -2 s-1 ), An is leaf
g1 = slope parameter
0
0.02
0.04
2 -1
s ), cs is the CO2 partial
pressure
at
the
leaf
surface
(Pa),
P
is
the
atmospheric
atm
(mol H2O/mol CO2)
Photosynthesis
r pressure deficit at the leaf surface (kPa). g1 is a plant functional type dependent

Medlyn et al. (2011)

0.06

0.08

Data from Lin et al. (2015)

-2 -1

s for C3 and C4 plants. Photosynthesis is calculated for sunlit (Asun ) and shaded
sha
soil water influences stomatal resistance through plant hydraulic
s . Additionally,
6/6/22
K. Dagon
aulics chapter.
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Community Land Model Parameters

Andrew Sla

Is hereby gr

???

• Biophysical features (e.g., surface energy balance, hydrology, carbon uptake)
• Individual parameter uncertainty ranges determined by literature review, updated observations
• Parameter selection based on a series of sensitivity tests with objective
metrics
for best
student
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Machine Learning Roadmap
1. Train: Build and train a series of neural networks (NNs) to predict
land model output, given parameter values as input.
2. Emulate: Use trained NNs as land model emulators to make
predictions with increased computational efficiency.
3. Calibrate: Minimize error in predictions relative to observations;
generate optimal parameter values and distributions.
4. Test: Use optimal parameter values to investigate changes in
model predictive skill.
6/6/22
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al.: MachineSpatial
learning for
parameterfrom
estimation
in CLM5
patterns
Empirical
230

231
Orthogonal
Function
(EOF)
analysis
K. Dagon et al.: Machine learning for parameter estimation in CLM5

Dagon et al. (2020)

sociated
ofprincipal
the components
first three
EOFs
GPP members
(a, b,forc)
LHF
Figure 3.spatial
Distributionspatterns
of the first three
(PCs) across
CLMfor
PPE ensemble
GPPand
(a, b, c)
and LHF(d,
(d, e,e,
f). f).
The percent variance explained
by each mode is shown in each panel in the upper right corner.
6/6/22
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Spatial patterns from EOF analysis

K. Dagon et al.: Machine learning for parameter estimation in CLM5

Dagon et al. (2020)

rincipal components (PCs) across CLM PPE ensemble members for GPP (a, b, c) and LHF (d, e, f).
mode is shown in each panel in the upper right corner.

6/6/22
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Parameter and PC relationships

Dagon et al. (2020)
Figure S3: Scatterplot of PC1 (left column), PC2 (center column), and PC3 (right column) for
GPP from the CLM PPE, versus parameter scaling values. The y-axis of each panel shows the PC
values, and each row represents a di↵erent parameter as indicated in the y-axis labels.

6/6/22

K. Dagon

Figure S4: As in Figure S3, for LHF.
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Generating the Training Data
Land model* perturbed parameter
ensemble (PPE) using 100
parameter combinations generated
with Latin Hypercube sampling

Use principal component analysis (PCA) to predict
modes of variability of carbon and water fluxes

Distribution of model
responses (PC1 of gross
primary production, or GPP)

Ense

of
mble

mod

tions
a
l
u
el sim

*Offline global land-only simulations forced by atmospheric reanalysis data
6/6/22

K. Dagon

26

Neural Networks as Land Model Emulators
Training
Input: land model
parameter values
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Train to predict spatial variability (first 3 PCs) of gross primary production (GPP).
Separate emulator built for first 3 PCs of latent heat flux (LHF).
6/6/22
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Assessing Emulator Performance
Original ensemble

Second ensemble

Same emulator; different parameter values and resulting
model output. Predictive skill is comparable.

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

Dagon et al. (2020)
6/6/22
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Increase in Computational Efficiency
Land model perturbed
parameter ensemble

Machine learning emulator
Input Layer

p1

p2
p3
p4
p5
p6

~2 hours per
simulation
6/6/22
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Hidden Layer 1

n11
n12
n13

n1j

Hidden Layer 2

n21
n22
n23

n2k

Output Layer

z1
z2
z3

2.6 seconds to
generate predictions!
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Neural Networks as Land Model Emulators
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The trained neural network can be applied to test new parameter values and combinations,
much more quickly and efficiently than running the climate model.
6/6/22

K. Dagon

30

???

Interpretability Sheds Light on Physics

ostdoc performance at 2019 LMWG Workshop
Carbon Flux Variability
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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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Model Interpretation: Partial Dependence Plots
• Test why a certain parameter is
important, and plot where in its
uncertainty range it is most
important.
• Fix values of each parameter one
at a time, and test performance of
emulator across ensemble
members.
• Regions of non-zero slope
indicate where in the parameter
range the emulator is sensitive.
Dagon et al. (2020)
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Optimize Emulator Predictions to Reduce Model Biases
Calibrate
•

Minimize error in emulator (NN)
predictions relative to observations.

•

How well do optimized NN
predictions match observations
(compare blue and red bars)?

Test (PCs)
•

Test land model (CLM) with optimized
parameter values; compare default
model performance.

•

How well do optimized emulator
predictions match model tested with
optimal parameters (compare blue
and green bars)?

•

Does the calibration process improve
model biases (compare green bars
with red and black bars)?
6/6/22
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Constructing a Cost Function
• Need to consider first three modes of spatial variability
• Two objectives: gross primary productivity (GPP) and latent heat flux (LHF)
• How to combine into a single cost function representing model predictive skill relative
365 dataset. The sum for each variable is weighted by the percent variance
to observations?
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cost function. (For reference,
the error threshold for this subset of param

Optimal Parameter Relationships
Inference (Parameter Sampling)
• Generate an additional large parameter
sampling (~107 members)
• Subset 1000 members with the smallest
predicted normalized error
• Explore parameter relationships and
resulting distributions
• Also generating posterior parameter
distributions via Markov Chain Monte
Carlo (MCMC)

Dagon et al. (2020)
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Bayesian Calibration
Inference (MCMC)
• Posterior distributions via Markov Chain
Monte Carlo (MCMC)
• MCMC initialized with previous results
of optimization

6/6/22
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Bayesian Calibration
Inference (MCMC)
• Similarity to optimal parameter
relationships exercise
• Constraining medlynslope,
kmax parameters
• Somewhat constraining fff,
dint, but favoring distribution
edges
• dleaf, baseflow_scalar not
well constrained

Parameter Scaling Factor
6/6/22
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Bayesian Calibration
Inference (MCMC)
• How do the optimized and
default parameters compare?
• Optimized values mostly sit in
the median of the parameter
distributions
• Default values vary and can be
far outside distributions

6/6/22
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MCMC Autocorrelation Plots

Inference (MCMC)
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NCAR Earth System Data Science (ESDS)
Vision
Profoundly increase the effectiveness of the NCAR/UCAR workforce by
promoting deeper collaboration centered on analytics, improving our
capacity to deliver impactful, actionable, reproducible science and serve
the university community by transforming how geoscientists
synthesize and extract information from large, diverse data sets.

Approach
Cultivate a community of practice centered on the development and
application of scalable analysis workflows:
- Core software development and computing
- Training and education
- Communication and best practices
ESDS Core Team: Deepak Cherian (CGD), John Clyne (CISL), Katie Dagon (CGD), Orhan Eroglu (CISL),
Thomas Hauser (CISL), Falko Judt (MMM), Julia Kent (CISL), Matt Long (CGD), Kevin Paul (CISL)
6/6/22
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