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Land-surface carbon and water fluxes
Sparse observations in time/space of carbon and water fluxes

Need global obs. to constrain surface processes in models

Hybrid land modeling
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Land-surface carbon and water fluxes
Idea: use ML to define global mapping of surface fluxes

(CO2, water and energy) based on routine weather station data
4302 G. Tramontana et al.: Predicting carbon dioxide and energy fluxes

Figure 3. (a) Scatterplots of observed data by eddy-covariance (y axis) and the median ensemble of modeled fluxes by RS setup (x axis).
The panels from left to right were the 8-day predictions, the across-site variability, the mean seasonal cycle and the 8-day anomalies. The
fluxes considered here were the gross primary production estimated following Lasslop et al. (2010), GPPL (first row); the total ecosystem
respiration estimated following Reichstein et al. (2005), TERR (second row); the sensible heat, H (third row); and the latent heat, LE (fourth
row). The reference units were g Cm�2 d�1 and M Jm�2 d�1 for CO2 fluxes (GPPL and TERR) and energy fluxes (H and LE), respectively.
(b) As in Fig. 3a, but the predictions (x axis) were obtained by the RS + METEO setup.

Another common issue with eddy-covariance data is the
gaps generated by the data exclusion rules. Data exclusion
strikes strongly the nighttime period (primarily for the low
turbulence condition), affecting the representativeness of the
diurnal cycle, and hence the quality of the averaged daily/8-
day eddy-covariance fluxes, in particular CO2. To reduce the
risk of biased estimates, half-hourly data gaps are filled by
models. In our study NEE data were gap filled using site-
specific empirical relationships between meteorological data
and net CO2 ecosystem exchange (the MDS method, Reich-
stein et al., 2005) that produce small biases when short gaps
were encountered (Moffat et al., 2007). This has a limited
effect in this study as only a very small percentage of high-
quality gap-filled data is used. We also minimize the bias in
estimates of gross CO2 fluxes (GPP and TER) by using two
different partitioning methods that yield very consistent re-
sults.

4.4 Data quantity and representativeness

The mismatch between prediction and eddy-covariance es-
timation was also influenced by data representativeness.
FLUXNET sites are not uniformly distributed over the globe
and not all climates and PFTs are well represented. Very
few sites are currently distributed in tropical forest, and data
availability over the record is fragmented. Similarly, very
few sites are located in the poorly predicted extreme en-
vironments, e.g., cold and dry climates. There was a clear
pattern in our cross-validation results where more accurate
predictions were obtained for the better represented vegeta-
tion types and climates (e.g., temperate and boreal forests).
Therefore, increasing the number of study sites in less rep-
resented environments (e.g., the tropics and in the extreme
climates) could improve the prediction by ML and models in
general (Papale et al., 2015).

Biogeosciences, 13, 4291–4313, 2016 www.biogeosciences.net/13/4291/2016/
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Difficulty in assessing extremes!
Out-of-sample generalization issue

Hybrid land modeling
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However: extremes are key for land carbon and water cycle
“A few extreme events dominate global 

interannual variability in global photosynthesis”Environ. Res. Lett. 9 (2014) 035001 J Zscheischler et al

Figure 1. Extremes in MTE GPP in relation to global GPP anomaly and the global land carbon sink. (A) Global GPP anomaly (gray); 10,
200, and 1000 largest positive and negative tenth-percentile extremes in GPP (blue, red, and green lines, respectively), monthly time scale.
All pixels which are extreme at a certain time step are summed together to obtain one value for each time step. (B) Residual land sink (Le
Quéré et al 2013) (green) and 200 largest GPP extremes using the tenth-percentile definition (blue).

taken as the median value of 15 sites from the synthesis study of
in situ data by Teuling et al (2006). We use low values of water
availability as an index for drought.

The spatial resolution for all the above data sets is 0.5�.
T , P , WAI and all GPP data sets are available monthly from
1982 to 2011, BA and FE from 1997 to 2010. Table A.1 gives
a summary of all used data sets of this gridded format.

To relate extremes in GPP to net ecosystem exchange
(NEE) we downloaded monthly data from CarbonTracker for
the years 2000–2011 (CT2011 oi, http://carbontracker.noaa.g
ov, Peters et al 2007) and aggregated them to global anomalies.
To obtain the residual land sink (RLS) we rely on the Global
Carbon Project (GCP, www.globalcarbonproject.org) and use
yearly data from 1982–2011 (Le Quéré et al 2013).

2.2. Preprocessing

We follow the suggestions from Zscheischler et al (2013). In
particular, for T , WAI and all GPP data sets we first subtract
the linear trend and mean annual cycle per grid cell. We divide
the less smooth variables P , BA and FE at each pixel by the
sum of the respective time series at that grid cell. We call the
resulting values after preprocessing anomalies. The goal of the
preprocessing is to obtain time series which depict deviations
from the mean behavior.

2.3. Extreme event identification

In accordance with the IPCC climate extreme classifications
(Seneviratne et al 2012), we define extremes as the occurrence
of certain values in the tails of the probability distribution

of the anomalies. We adapt the methodology described in
Zscheischler et al (2013) and define extremes to be outside
a certain threshold q , which is defined by a percentile on the
absolute values of the anomalies (figure A.2). We choose the
thresholds for each of the four data sets such that extremes
(positive and negative together) comprise 1%, . . . , 10% of the
anomalies, respectively. We then define an extreme event by
spatiotemporally contiguous points whose values are larger
than q (positive extremes) and smaller than �q (negative
extremes), respectively. The size of an extreme event is defined
by the integral of the corresponding anomalies of GPP over
time and space, i.e. its unit is grams of carbon. Hence, ‘large’
events are determined by their integrated impact of GPP
anomalies over their spatiotemporal domain.

To compute correlations with monthly time series of other
data sets or map hot spots of extreme events we aggregate
extreme events of each GPP dataset individually either in space
or in time. For an aggregation in space, at each time step all
anomalies which happen to be part of some extreme event
(according to the definition under consideration) are summed
together (see, e.g., figure 1), yielding one time series of the
overall impact of the respective extreme events. This time
series of GPP extreme events can then be correlated with e.g.
the global GPP or NEE anomaly in order to obtain the fraction
of explained variance. Similarly, for an aggregation in time,
at a specific location (pixel), all anomalies which happen to
be part of some extreme event are summed together (see, e.g.,
figure 3), yielding a global map of the cumulative impact of
the extreme events under consideration.
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Figure 3. Global distribution of GPP extremes. Extremes were computed using the tenth percentile and then averaged over the four GPP
data sets (MTE, MOD17+, LPJmL, and OCN) and the time period 1982–2011. Shown are the numbers for an averaged year in grams of
carbon per square meter per year (g C m�2 yr�1). (A) Decrease in terrestrial gross land carbon uptake during the 1000 largest negative GPP
extremes. (B) Change in gross land carbon uptake due to the 1000 largest positive and negative GPP extremes.

rate, cannot be generally expected because of the strong,
but complex and regionally varying, coupling of GPP and
ecosystem respiration (Richardson et al 2007, Mahecha et al
2010). Lagged and legacy effects of climate extremes which
can significantly alter various components of the terrestrial
carbon cycle additionally mask the immediate translation of
GPP extremes on NEE (Reichstein et al 2013).

3.2. Negative extremes are larger than positive extremes

The decrease of GPP associated with negative extremes is
globally only partly compensated by positive GPP extremes.
Negative GPP extreme events are on average up to 25%
larger compared to positive extreme events if we consider
the 1000 largest events on both tails of the distribution (fig-
ure 2(A)). While the data spread is large (ranging from 0%
in LPJmL to 80% in MOD17+ for the first-percentile def-
inition, figure 2(A), tables A.2 and A.3), all models show
an asymmetry towards more decrease in gross land carbon
uptake (negative extremes) for nearly all used percentiles.
Moreover, this asymmetry is stronger if one considers fewer
of the largest events and more extreme percentiles (figures
2(A) and A.5). According to the ‘slow in, rapid out’ principle
for net ecosystem exchange (Körner 2003), the observed
asymmetry might originate in e.g. a few large disturbance
events such as droughts, fires or insect outbreaks that lead

to often an instantaneous decrease in carbon uptake (negative
GPP extremes). Excess productivity (positive GPP extremes,
e.g. due to regrowth), in contrast takes place on much longer
timescales (Bengtsson et al 2003, Dore et al 2008). The ob-
served asymmetry could also be originated in asymmetric driv-
ing mechanisms (e.g. climate extremes). Skewed distributions
in drivers due to amplifying feedbacks such as those between
droughts and heat waves (Mueller and Seneviratne 2012) might
cause disproportionally large decreases in carbon uptake.

We will focus on negative GPP extremes for most of
the remainder. The cumulative effect of negative extremes
depends strongly on the percentile used. Averaged over the
four GPP data sets, the 1000 largest negative extremes based
on the first-percentile definition yield a decrease in gross
land carbon uptake of about 0.7 Pg C yr�1, in contrast
to 2.2 Pg C yr�1 on the fifth- and 3.5 Pg C yr�1 on
the tenth-percentile definition (figure 2(B); for comparison,
yearly photosynthetic carbon uptake ranges between 110 and
160 Pg in our data sets). Both the estimates for the two
data-driven approaches as well as the estimates from the
terrestrial biosphere models agree well among each other.
However, the estimates of the models exceed the data-based
estimates by a factor of more than two (figure 2(B), table A.2).
The difference in the size of the extremes between these two
sets is mainly due to different magnitudes in the anomalies
(table A.4) but the timing of extremes is highly correlated
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Hybrid land modeling
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Issues with brute force ML

5 |ML4Earth

1. Do not respect physical laws
e.g. conservation of energy and mass

à strict requirement

2. Issue with out-of-sample generalization
Important for many climate applications

e.g. extremes, climate change

ML 
algorithm

input Within range 
prediction

ML 
algorithm

input Out-of-sample 
prediction ?
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Potential Overcoming Strategies

6 |ML4Earth

Interpolation Extrapolation
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1. Physical constraints
Energy and mass conservations 

Impose them within NN as function of inputs (x) and outputs (y):

2 equations: reduce NN degrees of freedom to n-2 degrees of freedom

Beucler, Pritchard, Rasp, Gentine, PRL, 2021

Hybrid approaches

Exact 
conservations

3

C. Linking Constraints to Performances

Intuitively, we expect NN’s performances to improve
once we enforce constraints in physical systems with few
degrees of freedom, while this may not hold true with
many degrees of freedom. We formalize the link between
constraints and performances by (1) decomposing the
NN’s prediction into the “truth” and error vectors fol-
lowing equation 4, and (2) remembering that constraints
exactly hold for the “truth”:
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Equation 8 relates how much constraints are violated
to the error vector. If we measure performance using
MSE, we may square each component of equation 8 to
relate (1) how much constraints are violated to (2) the
squared-error and (3) a residual cross-term:
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In ACnets, we strictly enforce physical constraints, set-

ting the left-hand side of equation 9 to 0. As the squared-
error is positive-definite, the cross-term is always nega-
tive in ACnets. It is di�cult to predict the cross-term
before optimization, hence equation 9 does not provide
a-priori predictions of performance, even for ACnets. In-
stead, it relates how much a given NN violates constraints
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FIG. 2. ACnet: Direct outputs are calculated using a stan-
dard NN, while the remaining outputs are calculated as resid-
uals from the constraints layers.

to the performance of related predictions: the more nega-
tive the cross-term, the worse the performance for a given
constraints violation.

III. APPLICATION

A. Convective Parametrization for Climate
Modeling

The representation of subgrid-scale processes in coarse-
scale, numerical models of the atmosphere, referred to as
subgrid parametrization, is a large source of error and
uncertainty [e.g., 16, 17]. Machine-learning algorithms
trained on fine-scale, numerical models can improve sub-
grid parametrizations by faithfully emulating the e↵ect of
fine-scale processes on coarse-scale dynamics [e.g., 18–21,
see section 2 of Rasp [22] for a detailed review]. None of
these parametrizations exactly conserve physical invari-
ants (e.g., mass, energy), which is problematic for long-
term climate projections, as the spurious energy produc-
tion may (1) exceed the projected radiative forcing and
(2) result in large thermodynamic drifts or biases over
a long time-period. Motivated by this shortcoming, we
build a NN parametrization of convection and clouds that
we constrain to conserve 4 invariants: energy, mass, long-
wave radiation, and shortwave radiation.

B. Model and Data

We use the Super-Parametrized Community Atmo-
sphere Model 3.0 [23] to simulate the climate for two
years in aquaplanet configuration [24], where the surface
temperatures are fixed with a realistic equator-to-pole
gradient [25]. Following [19]’s sensitivity tests, we work
in a data-rich regime by using 42M samples from the
simulation’s first year to train the NN and 42M samples
from the simulation’s second year to validate the NN. To
test the NN’s ability to generalize outside of their train-
ing set, we use 42M samples from a simulation in which
the surface temperature has been uniformly warmed by
4K, a proxy for the e↵ects of climate change.

C. Formulating the Conservation Laws in a Neural
Network

The parametrization’s goal is predicting the rate at
which convection changes the local climate based on the
climate’s current state. We group all variables describing
the local climate in an input vector x of size 304 (10
vertical profiles with 30 levels, followed by 4 scalars):

x =
⇥
(qv, ql, qi,T ,v,LS, ps, S0) SHF LHF

⇤T
. (10)

We then concatenate the time-tendencies from convec-
tion and the additional variables involved in the conser-
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Constraining physics within ML
2. Land surface latent heat flux (LE) i.e. evaporation

Objective: predict LE from environmental variables

o Pure ML (feedforward NN) performs well

o But does not conserve surface energy budget
𝑅! − 𝐺 ≠ 𝐻 + 𝐿𝐸

o Generalization + out-of-sample issue

Zhao, Gentine, Reichstein, GRL, 2019

Hybrid approaches
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Constraining physics within ML for better extrapolation
Land surface latent heat flux (LE) i.e. evapotranspiration

Objective: predict LE + conserve energy + respect diffusion

Zhao, Gentine, Reichstein, GRL, 2019

Hybrid approaches

LE = ρ
es − ea
rs + ra

o Hybrid ML performs as well as pure ML

o Conserves surface energy balance J
𝑅! − 𝐺 = 𝐻 + 𝐿𝐸

o Can be used to learn physics: 
vegetation height and soil moisture
primary controlling variables
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Constraining physics within ML for better extrapolation
Land surface latent heat flux (LE) i.e. evapotranspiration

Out-of-sample generalization/extremes
Test 1 and 99 percentiles

Zhao, Gentine, Reichstein, GRL, 2019

Hybrid approaches

Hybrid 
systematically 
outperforms 
pure ML for 
extremes

J

drought

heat 
wave

dryness
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Estimate of canopy interception

Hybrid approaches

drought

heat 
wave

dryness

Canopy 
interception

LE_hybrid
(rainy model)

LE_hybrid
(rainless model)= -

Lian, Zhao, Gentine in review
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Estimate of canopy interception

Hybrid approaches

mixed site-hour samples rain events

Lian, Zhao, Gentine in review
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Global upscaling

Lian, Zhao, Gentine in review

Hybrid approaches
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Physics Guided Machine Learning
Streamflow

Hybrid = VIC-CAMA Flood + LSTM (weather)

Yang, .. Gentine, ERL, 2019

Hybrid approaches

Hybrid 
systematically 
outperforms 

physical model

drought

heat 
wave

dryness

Physical model Machine Learning model
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Machine learning is an appealing approach 
for land process parameterizations

Issues: 
1. Conservations, physical invariances, physical laws

2. Generalization, out-of-sample generalization 

Solution:
Hybrid physics+ML approaches appear 

as powerful tool to tackle this

Conclusions
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THANK YOU

Questions?

pg2328@columbia.edu
@PierreGentine

leap.columbia.edu


