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A change of strategy

Most elements of current LSMs rest on shaky scientific foundations.
Result: key outcomes, e.g. temperature and CO, responses of GPP,
differ among models.
New foundations are being constructed for ‘next-generation” models.
Immediate challenges:
= separation of different ecophysiological time scales
= ‘closing the loop’ between GPP and fAPAR

= compatibility with existing infrastructure (next-generation JULES?)



What next-generation models will look like

Continuously varying traits will replace PFTs

Acclimation and adaptation of traits will be central — trait values will
be predicted, not prescribed

Explicit theoretical basis for predictions (optimality hypotheses)
Beyond benchmarking — greatly expanded use of data (including
atmospheric measurements, trait data, remote sensing products...)
during model development



Successful prediction of traits and rates
(at leaf to canopy scales)

c;:c, ratio (Wang et al. 2017 Nature Plants)

Altitude effects on photosynthesis (Wang et al. 2017 New Phytologist)
GPP (Wang et al. 2017 Nature Plants)

Leaf N (Dong et al. 2017 Biogeosciences)

V. . (TOgashi et al. 2018 Biogeosciences; NG Smith et al., Ecology
Letters in revision)

J o Vemay Fatio (Wang et al. 2017 Nature Plants)

R4, (HWang et al., submitted to Ecology Letters)

LMA and leaf lifespan (H Wang et al., in prep.)

Leaf-to-air AT (A Kamolphat et al., in prep.)

Recent GPP trends (Cai et al., in prep.)



Global leaf 613C data => logit (x)

predicted fitted
temperature (K) 0.054 0.052 + 0.006
In vpd —0.5 —-0.55 +0.06
elevation (km) —0.08 -0.11 +0.03

Wang et al. 2017 Nature Plants
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Effect of 2000 m altitude shift compared to data
by Korner & Diemer (1987) Functional Ecology
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Predicted GPP (gCm “month™"')
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Fluxdatabased GPP(gCm “month ')

Green vegetation cover = MODIS EVI
Temperature, vpd, sunshine hours = CRU CL2.0
CO, = NOAA GlobalView

Monthly GPP
(from eddy covariance flux towers)
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from literature
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from experiments
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from 613C data

Wang et al. 2017
Nature Plants
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GPP (gC m?d™

GPP (gt m?d™)

Terra-P validation sites: flux data (black), model (red, blue)
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Comparison with experimental CO, effects

Comparison with Ainsworth & Long’s (2005) meta-analysis of FACE
experiments (= 200 ppm CO, enhancement):

______|metaanalysis |model

Light use efficiency 12.2 £+ 9% 15.2 %
Water use efficiency 543 +17 % 55 %
Stomatal conductance -200 3% -15.0%

Other satellite-based models, e.g. the widely used MODIS GPP, do not
show any of these responses.

Wang et al. 2017 Nature Plants



Leaf N (In N____ ) across Australia

area

predicted fitted
X (from 613C) —0.62 —-0.61 +0.25
In PAR 1 0.87 +0.10
mean annual T —0.048 —0.047 £ 0.007

Dong et al. (2017) Biogeosciences



N, ., from LMA (left) and predicted V.
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Seasonal acclimation of V

cmax

(repeat measurements on the same plants:
Great Western Woodlands, Australia)
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Observed V' pnax (Mol m s'1)
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V..., ratios (experimental data)
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Ryare Vemax @and their ratio
(not an enzyme kinetic response)
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Leaf lifespan (LL) from LMA,
mean canopy light (/,,..), growing-season length (f)
In evergreens
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Canopy versus air temperature
(‘biophysical homoeostasis’)

(B) Nearly-Exact Energy Balance approach
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A Kamolphat et al. in prep. (collaboration with CEH: Gallego-Elvira, Mercado, Oliver, Taylor)
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Data-model comparison of recent GPP changes

GPP Trend Comparison

~— AObserved GPP =20.9948 + 12.851, p=0.0039
— ACom-Modelled GPP =22.5125 * 15.6885, p=0.2031
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GPP (Pg Cyr™)
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4.5 + 0.6%/yr from COS
(Campbell et al. 2017 Nature)

6.3 + 0.5%/yr from model
(W. Cai et al. in prep.)



Separation of time scales

V. a8t and J
optimized to average conditions (acclimation)

[gt] vary according to a 15-day running mean,

max

Instantaneous V.,

X varies instantaneously, optimized to current conditions (stomatal

and J__ follow enzyme kinetics

regulation)
Assimilation follows the Farquhar model, A = min(A., A))
Case study at BE-Vie
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Time-varying J
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phi0 = 0.093
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Concluding remarks

| have focused on some of the most fundamental processes affecting
land-atmosphere carbon and water exchanges.

Most of what | have shown is not in any of the JULES ‘lego bricks’.
Traits that vary (adaptively) in time and space are held constant in
JULES.

Cool leaves (AT < 0) in daytime: never simulated anywhere by JULES.
These issues are not confined to JULES. They are probably common to
all current LSMs!

What are we going to do about it?



