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Improving model projections of coastal water relations
under a low- or no-snow future

Motivation:

Warming and compound extremes

In tandem, higher ecosystem water use
and biomass

Resulting implications for fire and
streamflow remain unknown
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Our understanding of photosynthesis and water use for coastal
regions is very limited ...

Measurements are local and sparse




Eddy Covariance Measurements s

Carbon equation
GPP = NEE_. — R, (night)

Flux:
H,O =
CO,
CH,
PAR

Plant functional H.O
traits from T
lab analysis



Scaling through ML applied to flux tower obs Max Gaber

Evaluating Automated Machine Learning for the Upscaling of Gross
Primary Production
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Gaber M, Kang Y, Schurgers G, Keenan TF (2024) Using automated machine learning for the
upscaling of gross primary productivity. Biogeosciences, 21, 24472472



Scaling through ML applied to flux tower obs Maoya Bassiouni

What (some of) what we
ot We meastre want to understand... -

Bulk latent heat flux
Bulk sensible heat flux

Hydro-meteo conditions
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Scaling through ML applied to flux tower obs

Data

* FLUXNET2015
* AmeriFlux Oneflux
» ICOS Oneflux

* Short Term (2001-2020):
MODIS, BESS, CSIF, ESACCI

* Long Term (1982-2020):
GIMMS LAI/NDVI

+ ERAS5-Land
» Atmospheric CO,
(only in CFE scenarios)
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Model Setups

Short Term
2001-2020
+ Baseline
» CFE-Hybrid
Direct CFE « CFE-ML

(data-driven)

Long Term
1982-2020

Direct CFE

(theoretical) Haseine

+ CFE-Hybrid

Dynamic long-term photosynthetic uptake
Allows for tracking the impact of compound

Directly accounts for the effect of CO2 on

And changes in regional hydrology / snowpack

Kang et al. 2024 ESSD
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http://drive.google.com/file/d/1ztp5Mg6-wIq9MrC_V9P2m57M92376-1L/view

But groundwater plays an important role

GPP anomaly residuals
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Next steps ...

« Using the machine learning models for
Inference of multi-factor extreme
Impacts

« Scale the impact of groundwater
access on ecosystem responses

« Use ELM-MOSART to relate
ecosystem water use to changes in
streamflow

Water
Flux
(WF) Threshold
Dry days Moist days
NN prediction NN training
WFlJC-'I VVFp0 = NN[‘:D! (T' VPD' PAH)

Soil moisture

Figure 2 | Illustration of the methods for neural network (INN) training. ‘Potential’
watet flux (WFpot) is predicted using NN models, trained on the empirical
relationship between observed WF (WFobs) and its predictors, temperature (T),
vapor pressure deficit (VPD) and photosynthetically active radiation (PAR), during
days in which soil moisture is relatively high (‘moist days”). The threshold between
moist and dry days is optimized with respect to NN model performance. ‘Actual’
WFE (WFact) is derived from NNs using all data and with soil moisture as an
additional predictor. WEVPD is detived from NN, trained at all data, but without
soil moisture as a predictor. The target water flux can be evapotranspiration, or ET
partitioned estimates of transpiration-evaporation.



rrerrrer

Berkeley

UNIVERSITY OF CALIFORNIA

BERKELEY LAB

Lawrence Berkeley National Laboratory

Thank You

U.S. DEPARTMENT OF Ofﬁce of

ENERGY Science

) u @trevorkeenan
www.keenangroup.info




	Slide 1
	Slide 2: Improving model projections of coastal water relations under a low- or no-snow future
	Slide 3
	Slide 4
	Slide 5: Eddy Covariance Measurements
	Slide 6
	Slide 7
	Slide 8
	Slide 9: But groundwater plays an important role
	Slide 10
	Slide 11

