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Improving predictions depends on quantitatively understanding of present-day terrestrial C
cycle dynamics:

- Climate sensitivity of terrestrial C fluxes
- Ecosystem memory (lags, initial conditions, residence times)
- C cycle feedbacks and interactions with water, energy and nutrient cycles
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Here’s the evolution of the land sink (50+ years)?
Predictive ability hinges on understanding of present-day dynamics
I willl show how global EO allow us toplace a join constrainy on these
Emphasis on (a), (b), (c)
I am going to argue that joint knowledge of these is central to achieving an unbiased prediction of the terrestial C balance!


Terrestrial carbon-climate feedbacks
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CO2 effect of atmosphere is global, stastical shifts in climate variability are regional
Need spatially explict understanding of regional responses of biospheric C fluxes to regional climate variability to understand the sign and magnitude of the terrestrial C response
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Diverse climate driver anomalies and carbon cycle responses to the 2015-2016 El Nifio over the three tropical continents. Schematic
of climate anomaly patterns over the three tropical continents and the anomalies of the net carbon flux and its dominant constituent flux (i.e., GPP,
respiration, and fire) relative to the 2011 La Nifa during the 2015-2016 El Nifio. GtC, gigatons C.
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Why do we need spatially explicit results
Localized results in terms of climate extremes, need to use these results to constrain space-time behaviour of terrestrial C cycle
Responses are localized, suggested process controls vary across continents, to the same climate event


Terrestrial C cycle: towards reducing process uncertainty.
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This motivates us to understand the mechanistic links between 
Variety of datasets  = constrain components 
How do the quantities for qwhcih we have a spatially explicit understanding link to each other? What do these tell us about the evolution of the terrestrial land sink?
How do we build on this?


Carbon data-model framework (CARDAMOM)
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CARDAMOM: Terrestrial carbon cycle state and process variables
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GOSAT and OCO-2 NBE - assimilation & prediction
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Do memory effects contribute to NBE |AV?
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Ecosystem memory in tropical ecosystems
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Memory effects on tropical NBE IAV
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e Memory effects account for ~ 50% of tropical NBE IAV

 Quantitative knowledge of NBE legacy effects is necessary to predict
the evolution of the terrestrial C balance.

* Process-oriented diagnostic model central to advancing mechanistic
understanding of terrestrial C cycling.
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Quantitative knowledge of NBE direct vs memory contributions is necessary, in part because we need these to back out the sensitvity of the biosphgere to climate variability.


Example: data-oriented evolution of a
diagnostic carbon-water model structure
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I’m going to show how we can advance our diagnostic model structures to match the availability of Earth Observation data


Prediction error vs model complexity
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Deciding what we’re trying to predict will immediately define the required model complexity.
More measurements = higher level of justified complexity



CARDAMOM modular structure
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Modular structuure allows us to swap models in and out.
This allows us to rapidly investigate the role of specific process representations on C cycle prediction


O

Data & hypothesis driven model development

DALEC genealogy: data & hypothesis
driven evolution
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Model of optimal complexity to (a) represent assimilated datasets and (b) test hypotheses on the mechanistic links of the terrestrial C cycle.
This is reflected in the evolution and process diversity of Mat’s DALEC model, and the process advances give rise to testable hypotheses.


Carbon-water feedbacks
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water balance Precip.
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Gravity recovery and climate experiment (GRACE)
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Motivates us to look at terrestrial water storage as a constraint on the land-surface carbon-water balance.


S
Example: data-driven model structure evolution
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JOINT ESTIMATION of parameters


Aterrestrial water
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CARDAMOM: C constrains only
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Conclusions & questions

e Joint understanding of climate sensitivity and
ecosystem memory effects on present-day NBE IAV
necessary for prediction.

* Observational constraints on both carbon and water
cycle dynamics are central to building a land-surface
predictive ability.

e How do we bring and test process-based model

knowledge in a diaghostic C-H20-energy model-data
framework?

 What is the optimum balance between process fidelity
and data consistency for decadal-to-centennial
predictions?
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What is the optimum balance between process fidelity and data consistency?



S Do ecosystem memory effects Example: 2013 NBE mismatch

Tropics

matter for NBE IAV prediction? |
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