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What is driving uncertainty in land surface model 
projections of climate change?
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CMIP3/C4MIP emulation with MAGICC6 is 811–
1170ppm. As discussed above, the lower range of the
CMIP5 ESMs is due to one single model, MRI-ESM1,
which already severely underestimates the present-day
atmospheric CO2 concentration. Not including this model
would mean that the lower end of the MAGICC6 range is
significantly lower than the lower end of theCMIP5ESMs.
The warming ranges simulated by the CMIP5 ESMs

and by the CMIP3/C4MIP model emulations are quite
similar (Figs. 2b and 2d). The first set of models displays
a full range of 2.58–5.68C, while the latter set has a 90%
probability range of 2.98–5.98C.

5. Twenty-first-century land and ocean carbon cycle

To further understand the difference in simulated
atmospheric CO2 over the twenty-first century, we
analyzed the carbon budget simulated by the models, as
already done for the historical period. In the E-driven
runs, the ESMs simulate the atmospheric CO2 concen-
tration as the residual of the prescribed anthropogenic

emissions minus the sum of the land and ocean carbon
uptakes—these latter two fluxes being interactively
computed by the land and ocean biogeochemical com-
ponents of the ESMs. Figure 4 shows the cumulative
land and ocean carbon uptakes simulated by the CMIP5
ESMs. Any difference in simulated atmospheric CO2

comes from differences in the land or ocean uptakes.
The models show a large range of future carbon up-

take, both for the land and for the ocean (Figs. 4a and
4b). However, for the ocean, 10 out of the 11 models
have a cumulative oceanic uptake ranging between 412
and 649PgC by 2100, the exception being INM-CM4.0
with an oceanic uptake of 861PgC. As discussed in the
historical section, the reasons for this large simulated
uptake are unknown. The simulated land carbon fluxes
show a much larger range, from a cumulative source of
165PgC to a cumulative sink of 758PgC. Eight models
simulate that the land acts as a carbon sink over the full
period. Land is simulated to be a carbon source by two
models, CESM1-BGC and NorESM1-ME, both sharing
the same land carbon cycle model, and byMIROC-ESM.

FIG. 4. Range of (a) cumulative global air to ocean carbon flux (PgC), (b) cumulative global air to land carbon flux
(PgC) from the 11ESMsE-driven simulations, (c) the annual global air to ocean carbon flux, and (d) annual global air
to land carbon flux. Color code for model types is as in Fig. 1.
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advances are needed, but theremay be a limit to
howmuchmodel uncertainty can be reduced (94).
More complexity does not necessarily lead to bet-
ter predictions or reduce uncertainty.
A second pathway is to better integrate ESMs

and VIA models. The gap between models arises
fromdisciplinary expertise (atmospheric and ocean
sciences for ESMs and hydrology, ecology, biogeo-
chemistry, agronomy, forestry, andmarine sciences
for VIA models), but effective communication
among, rather than across, disciplines is not trivial.
There are also pragmatic considerations, partic-
ularly with regard to spatial scale and process
complexity, that limit collaboration between global
ESMs and VIA models with a more local to re-
gional domain. However, just as the science of
Earth systemprediction is seen as ameans to unite
the weather and climatemodeling communities
(80,81), so, too, can the broadening ofEarth system
prediction to include the biosphere stimulate col-
laborations with the VIA community.
A third promising researchpathway is to expand

the concepts andmethodology of seasonal to dec-
adal climate prediction to include terrestrial and
marine ecosystems and to quantify prediction un-
certainty at spatial and temporal scales relevant
to stakeholders. The predictability of the terres-
trial carbon cycle can be considered from an eco-
logical perspective (97), but only recently has it
been considered in an Earth system perspective
of natural climate variability, the forced climate
response, and model uncertainty (92, 94). Anal-
ysis of natural variability, model uncertainty, and
scenario uncertainty is similarly informingmarine
biogeochemistry (87–90, 93). Whether the bio-
sphere is a source of climate predictability is not
necessarily the right question to pose. A more
fruitful research pathway may be to investigate
how to predict the biosphere and its resources
in a changing environment, as identified specif-
ically for marine living resources (96) and con-
sidered also for atmospheric CO2 (98). Initial
condition uncertainty and the difficulty in separat-
ing natural variability from the forced trend likely
produces irreducible uncertainty in climate pre-
diction (99). At the regional or biome scale, nat-
ural variability is large for the ocean and land

carbon cycles (89, 92, 93). Whether a similar ir-
reducible uncertainty manifests in terrestrial and
marine ecosystems remains to be explored.
With their terrestrial and marine ecosystems,

biogeochemical cycles, and simulation of plants,
microbes, and marine life, ESMs challenge ter-
restrial and marine ecologists and biogeochem-
ists to think in terms of broad generalizations
and to find the mathematical equations to de-
scribe the biosphere, its functioning, and its re-
sponse to global change. ESMs similarly challenge
geoscientists to think beyond a physical under-
standing of climate to include biology. Themodels
showmuch promise to advance our understand-
ing of global change but must move from the
synthetic world of an ESM toward the realworld.
Bridging the gap between observations and theory
as atmospheric CO2 rises, climate changes,more
nitrogen is added to the system, forests are cleared,
grasslands are plowed or converted to pastures,
coastal wetlands and coral reefs are degraded or
lost, andoceanswarmandare increasinglypolluted
poses challenging opportunities for the next gener-
ation of scientists to advance planetary ecology and
climate science.
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Fig. 4. Ocean and land carbon cycle
uncertainty. The percentage of total variance
attributed to internal variability, model
uncertainty, and scenario uncertainty in
projections of cumulative global carbon uptake
from 2006 to 2100 differs widely between
(A) ocean and (B) land. The ocean carbon cycle
is dominated by scenario uncertainty by the
middle of the century, but uncertainty in
the land carbon cycle is mostly from
model structure. Data are from 12 ESMs
using four different scenarios (94).
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1. Assessing parameter sensitivity through one-at-a-time 
changes in parameter values.
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1. Assessing parameter sensitivity through one-at-a-time 
changes in parameter values.

2. Using machine learning to emulate CLM and estimate 
parameter values.
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K. Dagon2/7/19 7



K. Dagon2/7/19 8

Evapotranspiration

Soil Moisture



Focus on CLM5 biogeophysical processes

K. Dagon2/7/19 9



Example parameter: medlynslope
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This parameter represents the slope of the stomatal conductance –
photosynthesis relationship.

(1995) model [Eqn (3)] gave the best fit for two datasets,
but the parameter values were not identifiable (i.e. not
significantly different from zero) for five of the eight
datasets. Overall, the unified model performed best,
giving high R2 values for all datasets, and identifiable
parameter values.

We visualize fits of the model to our eight datasets in
Fig. 3. For this figure, relationships were fitted assum-
ing the intercept g0 to be zero; resulting values of g1 are
given in the figure caption. The key point demonstrated
by Fig. 3 is that the slope of the relationship (and
therefore g1) clearly differs among species, and varies
in a consistent manner. As predicted from Eqn (12), g1

increases with growth temperature, with values highest
in tropical savanna species and lowest in Sitka spruce
growing in Scotland. Also, although there is some
confounding between growth temperature and plant
functional type in the datasets presented in Fig. 3, we
can nevertheless identify clear differences among plant
functional types. Values for g1 were lowest in gymno-
sperms and highest in angiosperms, and eucalyptus
have a considerably higher g1 than do pines growing
at similar latitudes (Tables 1 and 2).

Discussion

Stomatal conductance plays a fundamental role in de-
termining vegetation carbon and water balances. In this
paper, we provide a new quantitative framework forT
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Fig. 3 Visualization of the unified stomatal model Eqn (11)

fitted to eight datasets from contrasting forest ecosystems. De-

tails of the ecosystems are given in Table 1. Blue shades show

data from conifers, green shows data from deciduous angios-

perms, and red/purple shades show data from broadleaf ever-

green forests. For this figure, the model and linear regressions

were fitted fixing the intercept to zero. Linear regression slopes

are as follows: Sitka A, 4.2; Sitka B, 4.7; Duke Pine, 6.1; Fagus, 6.8;

Alpine Ash, 7.1; Macchia, 9.8; Savanna, 12.5; Red Gum, 15.1.

Estimated values for g1 are: Sitka A, 3.0; Sitka B, 3.6; Duke Pine,

4.8; Fagus, 5.4; Alpine Ash, 5.9; Macchia, 8.2; Savanna, 11.1; Red

Gum, 13.1.
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9.3 Stomatal resistance

CLM5 calculates stomatal conductance using the Medlyn stomatal conductance model (Medlyn et al. 2011). Previous
versions of CLM calculated leaf stomatal resistance is using the Ball-Berry conductance model as described by Collatz
et al. (1991) and implemented in global climate models (Sellers et al. 1996). The Medlyn model calculates stomatal
conductance (i.e., the inverse of resistance) based on net leaf photosynthesis, the vapor pressure deficit, and the CO2
concentration at the leaf surface. Leaf stomatal resistance is:

1

rs
= gs = go + 1.6(1 +

g1p
D
)

An

cs/Patm
(9.1)

where rs is leaf stomatal resistance (s m2 µmol-1), go is the minimum stomatal conductance (µ mol m -2 s-1), An is leaf
net photosynthesis (µmol CO2 m-2 s-1), cs is the CO2 partial pressure at the leaf surface (Pa), Patm is the atmospheric
pressure (Pa), and D is the vapor pressure deficit at the leaf surface (kPa). g1 is a plant functional type dependent
parameter (Table 9.1).

The value for go = 100 µ mol m -2 s-1 for C3 and C4 plants. Photosynthesis is calculated for sunlit (Asun) and shaded
(Asha) leaves to give rsuns and rshas . Additionally, soil water influences stomatal resistance through plant hydraulic
stress, detailed in the Plant Hydraulics chapter.

Resistance is converted from units of s m2 µ mol-1 to s m-1 as: 1 s m-1 = 1⇥ 10
�9Rgas

✓atm

Patm

µ mol-1 m2 s, where Rgas

is the universal gas constant (J K-1 kmol-1) (Table 2.7) and ✓atm is the atmospheric potential temperature (K).

Table 9.1: Plant functional type (PFT) stomatal conductance parameters.
PFT g1
NET Temperate 2.35
NET Boreal 2.35
NDT Boreal 2.35
BET Tropical 4.12
BET temperate 4.12
BDT tropical 4.45
BDT temperate 4.45
BDT boreal 4.45
BES temperate 4.70
BDS temperate 4.70
BDS boreal 4.70
C3 arctic grass 2.22
C3 grass 5.25
C4 grass 1.62
Temperate Corn 1.79
Spring Wheat 5.79
Temperate Soybean 5.79
Cotton 5.79
Rice 5.79
Sugarcane 1.79
Tropical Corn 1.79
Tropical Soybean 5.79

9.4 Photosynthesis

Photosynthesis in C3 plants is based on the model of Farquhar et al. (1980). Photosynthesis in C4 plants is based on
the model of Collatz et al. (1992). Bonan et al. (2011) describe the implementation, modified here. In its simplest

106 Chapter 9. Stomatal Resistance and Photosynthesis

medlynslope

From the CLM5 Documentation:

stomatal 
conductance photosynthesis

Ø During day 2 practical, we 
experimented with a 10% 
decrease in this parameter.
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Observations of 
photosynthesis and stomatal 
conductance contribute to 
PFT-dependent uncertainty 
range for medlynslope
parameter.

PFT = broadleaf deciduous trees
CLM default value = 4.45
Minimum =  3.1887
Maximum = 5.1076

Where do uncertainty ranges come from?

Data from Lin et al. (2015)
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Parameter Sensitivity Simulation Setup

• Which compset?
• CLM5 with year 2000 forcing and satellite phenology (SP) mode

• What resolution?
• 4x5 to speed up simulation time

• Simulation length?
• 20 years total, sample last 5 years after 15 years of spin-up
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./create_newcase --case $CASENAME --compset I2000Clm50Sp --res f45_f45

./xmlchange STOP_N=20

./xmlchange STOP_OPTION=nyears
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Parameter Sensitivity Simulation Setup

• One-at-a-time parameter changes for 34 parameters, 
testing the min/max of their uncertainty ranges
• 10 PFT-dependent parameters

• 3 namelist parameters

• 21 hard-coded parameters
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Parameter Sensitivity Simulation Setup

• One-at-a-time parameter changes for 34 parameters, 
testing the min/max of their uncertainty ranges
• 10 PFT-dependent parameters [modify params file]
• 3 namelist parameters [make changes in user_nl_clm]
• 21 hard-coded parameters [SourceMods]
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Parameter Sensitivity Simulation Setup

• 7 model outputs to assess sensitivity
1. Gross Primary Productivity (GPP) à FPSN

2. Evapotranspiration (ET) à QFLX_EVAP_TOT

3. Transpiration Fraction = Transpiration/ET à QVEGT/QFLX_EVAP_TOT

4. Sensible Heat Flux à FSH

5. 10cm Soil Moisture à SOILWATER_10CM

6. Total Column Soil Moisture à SOILLIQ + SOILICE

7. Water Table Depth à ZWT



Assessing parameter sensitivity
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!mol CO2
m-2 s-1

Sensitivity* of gross 
primary productivity (GPP) 
to parameter perturbations

*Sensitivity = |GPPmax - GPPmin|
Ranked sensitivity to 7 outputs
Average rank across outputs
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Using machine learning to emulate CLM and 
estimate parameter values
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Hand-tuning 
parameter values 
takes a long time 
(many model runs, 
trial and error).

How can we 
speed this 
process up?

The Game of Climate Model Biases 

Find new study: 
update old, wrong 
parameter value 

Add new structure to 
account for new knowledge 

Two alternative 
algorithms for poorly 
understood process.  

Different but-still-
reasonable value 
gives better answers 

Use value 
calibrated at 
single site. 

Figure from Rosie Fisher

Using machine learning to emulate CLM and 
estimate parameter values
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• Machine learning goals:
1. Build and train a series of neural networks to predict CLM output, 

given parameter values as input.
2. Inflate ensemble size of possible parameter combinations using 

trained networks.
3. Compare network predictions with observations to estimate 

parameter values.

Using machine learning to emulate CLM and 
estimate parameter values
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Network image: https://www.learnopencv.com/neural-networks-a-30000-feet-view-for-beginners/

Machine learning by neural networks
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Machine learning by neural networks

Network image: http://cs231n.github.io/neural-networks-1/
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Machine learning by neural networks
Neurons or nodesWeights (importance of inputs)

Activations (e.g., linear, nonlinear)

Parameter 
values

CLM 
output



Perturbed Parameter Ensemble Setup
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• 100 randomly sampled parameter values from uncertainty ranges for 
6 candidate parameters

P1 P2 P3 P4 P5 P6

S1 x1,1 x1,2 x1,3 x1,4 x1,5 x1,6

S2 x2,1 x2,2 x2,3 x2,4 x2,5 x2,6

S3 x3,1 x3,2 x3,3 x3,4 x3,5 x3,6

… … … … … … …

S100 x100,1 x100,2 x100,3 x100,4 x100,5 x100,6

Parameters

Si
m

ul
at

io
ns

Parameter 
values



Perturbed Parameter Ensemble Setup
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• 100 randomly sampled parameter values from uncertainty ranges for 
6 candidate parameters

• CLM5 with year 2000 forcing and satellite phenology mode, 4x5 
resolution, 20 years total, sample last 5 years



Perturbed Parameter Ensemble Setup
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• 100 randomly sampled parameter values from uncertainty ranges for 
6 candidate parameters

• CLM5 with year 2000 forcing and satellite phenology mode, 4x5 
resolution, 20 years total, sample last 5 years

• Begin training neural network on output from 100 PPE simulations



Begin training on simple global mean metric
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Distribution of global mean gross primary 
productivity (GPP, µmol m-2s-1)

CLM 
output



K. Dagon2/7/19 28

Build and train a neural network to predict land 
model output based on parameter values
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Input (100 parameter 
sets; 6 parameters)

P1 P2 P3 P4 P5 P6

S1 x1,1 x1,2 x1,3 x1,4 x1,5 x1,6

S2 x2,1 x2,2 x2,3 x2,4 x2,5 x2,6

S3 x3,1 x3,2 x3,3 x3,4 x3,5 x3,6

… … … … … … …

S100 x100,1 x100,2 x100,3 x100,4 x100,5 x100,6

Build and train a neural network to predict land 
model output based on parameter values
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Input (100 parameter 
sets; 6 parameters)

Output (100 CLM 
simulations)

P1 P2 P3 P4 P5 P6

S1 x1,1 x1,2 x1,3 x1,4 x1,5 x1,6

S2 x2,1 x2,2 x2,3 x2,4 x2,5 x2,6

S3 x3,1 x3,2 x3,3 x3,4 x3,5 x3,6

… … … … … … …

S100 x100,1 x100,2 x100,3 x100,4 x100,5 x100,6

Distribution of 
global mean GPP 
(µmol m-2s-1)

Build and train a neural network to predict land 

model output based on parameter values



Assessing network performance
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r2 = 0.91

Network predicted vs. CLM 
global mean GPP 
(µmol m-2s-1)
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Climate model emulation

Input (1000 parameter 
sets; 6 parameters)

P1 P2 P3 P4 P5 P6

S1 x1,1 x1,2 x1,3 x1,4 x1,5 x1,6

S2 x2,1 x2,2 x2,3 x2,4 x2,5 x2,6

S3 x3,1 x3,2 x3,3 x3,4 x3,5 x3,6

… … … … … … …

… … … … … … …

S1000 x1000,1 x1000,2 x1000,3 x1000,4 x1000,5 x1000,6

Increase the ensemble 
size from 100 to 1000 
parameter values.
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Climate model emulation

Run through trained neural networkInput (1000 parameter 
sets; 6 parameters)

P1 P2 P3 P4 P5 P6

S1 x1,1 x1,2 x1,3 x1,4 x1,5 x1,6

S2 x2,1 x2,2 x2,3 x2,4 x2,5 x2,6

S3 x3,1 x3,2 x3,3 x3,4 x3,5 x3,6

… … … … … … …

… … … … … … …

S1000 x1000,1 x1000,2 x1000,3 x1000,4 x1000,5 x1000,6
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Climate model emulation

Run through trained neural networkInput (1000 parameter 
sets; 6 parameters)

Output (1000 neural 
network predictions)

P1 P2 P3 P4 P5 P6

S1 x1,1 x1,2 x1,3 x1,4 x1,5 x1,6

S2 x2,1 x2,2 x2,3 x2,4 x2,5 x2,6

S3 x3,1 x3,2 x3,3 x3,4 x3,5 x3,6

… … … … … … …

… … … … … … …

S1000 x1000,1 x1000,2 x1000,3 x1000,4 x1000,5 x1000,6

Distribution of 
global mean GPP
(µmol m-2s-1)
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Climate model emulation

Run through trained neural networkInput (1000 parameter 
sets; 6 parameters)

Output (1000 neural 
network predictions)

P1 P2 P3 P4 P5 P6

S1 x1,1 x1,2 x1,3 x1,4 x1,5 x1,6

S2 x2,1 x2,2 x2,3 x2,4 x2,5 x2,6

S3 x3,1 x3,2 x3,3 x3,4 x3,5 x3,6

… … … … … … …

… … … … … … …

S1000 x1000,1 x1000,2 x1000,3 x1000,4 x1000,5 x1000,6

Distribution of 
global mean GPP
(µmol m-2s-1)

Emulated land model output! How good 
are these predictions? Can we use them 
to constrain parameter values?



Comparing with observations
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Distribution of global 
mean GPP (network 
predictions, n=1000)
(µmol m-2s-1)

Observational estimate 
of global mean GPP
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Isolate the emulator 
prediction closest to 
observations.

Parameter estimation!

Observational estimate 
of global mean GPPDistribution of global 

mean GPP (network 
predictions, n=1000)
(µmol m-2s-1)

This gives an estimate of 
“best” parameter values.
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Isolate the emulator 
prediction closest to 
observations.

Parameter estimation!

Observational estimate 
of global mean GPPDistribution of global 

mean GPP (network 
predictions, n=1000)
(µmol m-2s-1)

This gives an estimate of 
“best” parameter values.

Ø What happens if we run 
CLM with these parameter 
values?



Testing the emulator
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Observations CLM with emulator “best” 
parameter values

Distribution of global 
mean GPP (network 

predictions, n=1000)

(µmol m-2s-1)

Emulator closest 
fit to obs
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CLM with default 
parameter values

Making progress…

Distribution of global 
mean GPP (network 
predictions, n=1000)
(µmol m-2s-1)

Observations CLM with emulator “best” 
parameter values



Regional performance needs improvement
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CLM with emulator “best” parameters 
minus Observations

CLM with default parameters 
minus Observations

GPP (µmol m-2s-1)



Regional performance needs improvement
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CLM with emulator “best” parameters 
minus Observations

CLM with default parameters 
minus Observations

GPP (µmol m-2s-1)

GPP too low 
in the Amazon

GPP too high 
in the Sahel



Next steps
• Assess multiple metrics (e.g., mean and spatial variability)
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Next steps
• Assess multiple metrics (e.g., mean and spatial variability)
• Use multiple observational datasets to span observational uncertainty
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Observations



Next steps
• Assess multiple metrics (e.g., mean and spatial variability)
• Use multiple observational datasets to span observational uncertainty
• Use multiple neural network configurations to span prediction uncertainty
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Next steps
• Assess multiple metrics (e.g., mean and spatial variability)
• Use multiple observational datasets to span observational uncertainty
• Use multiple neural network configurations to span prediction uncertainty
• Apply uncertainty framework to different models/model configurations
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What is FATES?
• Vegetation model, which replaces the 
unstructured bulk canopy representation in CLM 
with the size‐ and age‐structured ED 
approximation of individual plant dynamics

• Modularized from CLM(ED) in order to: plug into 
multiple land models (CLM, ACME); and to more 
cleanly separate demographic from other code 

“Big‐Leaf” vegetation Demographic Vegetation

FATES

CESM



Summary
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• We can reduce uncertainty in land surface models by 
studying parameters.

• Machine learning can help in climate model emulation
• Land model emulator used to estimate parameter 

values by comparing with observations.



Summary
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Questions?
Contact: kdagon@ucar.edu

• We can reduce uncertainty in land surface models by 
studying parameters.

• Machine learning can help in climate model emulation
• Land model emulator used to estimate parameter 

values by comparing with observations.

@CLM_sciencegithub.com/ESCOMP/ctsm



Backup Slides
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Diagnosing skewness in global mean GPP

K. Dagon2/7/19 50



Train on spatial variability

• Use the spatial variability of GPP from 100 ensemble members (as 
condensed by singular value decomposition) to train the neural network
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r2 = 0.95

Predicted vs. Actual GPP 
Variability

Distribution of first 
mode of GPP variability


