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History of Land Surface Models

« Manabe, 1969 — setting up one of the first fully coupled climate models

— Simplistic representation of the land (boundary condition): .
sensible
* Fixed soil depth and parameters hTeat
« Saturation excess runoff, only '
» Lack of heat conduction into the soil
* Evaporation limited by water threshold
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aerodynamic

from Pitman, 2003
(after Sellers, 1997)
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* Lumped models ®
— Often catchment-wide single parameter sets, often HRU * 0,0
. e ey . Snow xx O Rainfall
« Calibrated parameter sets, e.g. initial/continuous losses ¥ % S b B draien
* Requires in situ information or transfer of parameters through regionalisation (see °
aISO PUB) Snow cover
Snow melting Lakes
Water reserves in soils
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Ground water from upper layers
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Ground water from deep layers

Akstinas et al., 2019



History of Land Surface Models

* (Semi-)distributed models

— Usually gridded, global models, increasingly including all land surface processes
Limited spatially varying prameters (often based on physical descriptions)
Generally tiling of the surface, not the subsurface
Mostly single column, some with lateral flows and energy exchange

high interception

vegetation reservoir
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bare
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Integrated Forecasting System (IFS)

snow under

Land Cover types
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Additions to Land Surface Model Over Time

Plant Functional Type Distinctions _‘,‘«fi‘ . Crops, Irrigation

Stomatal Resistance

Fisher and Koven, 2018
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Processes Under Investigation

- Snow parameterisation/model
- Glaciers and sea-ice

Snow
- Sub-grid scale heterogeneity

- Urban processes (hydro, veqg)
- Land cover
- Anthropogenic contributions

Urban
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Air

Vegetation

Orography
Coupling

Updated climatologies

Land cover and vegetation cover
Parameterisations and
phenology

Additional soil layers
Soil maps and physics
Parameterisations

Runoff generation

CaMa-Flood

Irrigation/inundation

Plant-water availability (soil
dynamic range)

Groundwater table representation

Dynamic water bodies

Coupling with ocean (2-ways)
Lakes

Image from Chorover et al., 2007
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The Land Surface Model Paradigm a

400 km

Resolved Complexity /
Model Processes

400 km

Resolution-’
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The Land Surface Model Paradigm

from 3D-Mapper
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Machine Learning for and with Land Surface Models

COMBINING PARAMETRIC LAND SURFACE MODELS WITH MACHINE LEARNING
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Google Flood Hub Q Search for a location

Q Loire forecast ©

Discharge inm®/s
5000
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4/27 4/30 5/3

® Warning ® Danger ® Extreme
2,276.464 3,060.422 4,013.365

Gauge information ©
@ Higher-confidence gauge
River gauge ID Source
hybas_2120497860 HYBAS

Lat/Long Gauge station name
47.393750,-0.885417 -

Inundation map
Available when alerting

0 Basin size (km?)
109,873

Flood conditions are approximate and are for informational
purposes only. Check official sources for more information.
Learn more about the models and data sources
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Spatial Complexity

Diamantina River Catchment

Australian rainfall deciles [

1 January to 29 February 2024 3
Australian Gridded Climate Data

Dutasat: AGGD v2,

© Commonwaalin o1 Austrakia 2024, Buraau of Motearclogy Issuod: 2000842024
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Stationarity Assumption

Misquoting Hegel : “History will teach us nothing...”
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Goswami et al., 2022
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Predicting the Future From the Past

Return Rate for Annual Peak Flows @ "15 Mile Creek”
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Limited by Observations
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Are we asking the right questions?

% || ] ADVANCING
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Case Study Exploring the potential of history matching for
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The Land Surface Model Paradigm a

400 km
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Rainfall-Runoff Models vs ML — What'’s the Difference?

SMy = SM,_, |+ P, ||_ E, LR I

R,

Pr—Ri=(1-1) X Py

_Et — R2 = —mMy X SMt—l

V as )
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Rainfall-Runoff Models vs ML — What'’s the Difference?

SM, = SM,_, 1+ P,|- E, + Ry 1 R,
P.— Ry =(1—1) X Py
—E,— R, = —m, X SM,_,
SMy=(1—m;) X SMy_1+ (1 —17) X P
SMy = f X SMy_1+ iy X P;

oo
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Rainfall-Runoff Models vs ML — What'’s the Difference?

SM, = SM,_, 1+ P,|- E, + Ry 1 R,
P.— Ry =(1—1) X Py
—E,— R, = —m, X SM,_,
SMy=(1—me) X SM;_1+ (1 —1) X P
SMy = f X SMy_1+ iy X P;

With the results of Egs. (2)—(4) the cell state ¢; is updated
by the following equation:

[
¢ =f0c +:°D (5)
————

P ET R,

2

SM

Kratzert et al., 2017,

HESS
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Bringing together physically- and data-driven parameters

Land surface Phy.-based P observations /
observations optimisation P physics
o

ecLand, IFS model /
(observations) ML /Al Pue ] observations
IFS, screen : daily
level var. Ad-hoc tuning P opt ]\) observations

oo (
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Bringing together physically- and data-driven parameters

Land surface Phy.-based P Physical model
observations optimisation P development
o

ecLand, IFS Emulators_/
(observations) ML/AI PuL AIFS, coupling

- “v—\
IFS, screen . Short-term
level var. Ad-hoc tuning P opt H forecasts
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Moving ecLand to aiLand (slides by Nina Raoult)

Air

Organisms

. ~4 hours to run 1 year globally (30km) on 16 CPUs

. Highly parameterised/missing processes

. No communication between grid cells

Chorover et al., 2007
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Strengths and Weaknesses of Different ML Approaches

B ‘ XGBoost
.-.._...-,-_'gl.xl{ {;
—eKiefe jo= MLP
= lké S0
. 00
.u:.-_- e Vgl e LSTM
PD DD
!
W;H—% Graph NN
i
]

EI—% Mamba

Pros: Fast, accurate for structured/tabular data.
Cons: Limited for spatiotemporal or complex dependencies.

Pros: Simple, light-weight, works well with numerical inputs.
Cons: Struggles with spatial/temporal patterns.

Pros: Captures temporal dependencies, good for time-series.
Cons: Slow training, sensitive to hyperparameters.

Pros: Models spatial relationships effectively.
Cons: High computational cost, complex implementation.

Pros: Scalable, tailored for large land models.
Cons: Niche, limited community support/documentation.
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ailLand Implementation with Anemoi

@ Land |:> % |:>
Anemoi
datasets

Land

V as )
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Learning Root Zone Soil Moisture

Target swvi3
0 18 (%] 002
L) 10 L)
001
%0 4 as 4
204 20 4
00 0.00
] 04
~0.5
-20 -20 -0
-10
-40 ~40
15 ~002
~60 4 - - + - L
-1%0 -100 =30 0 % 100 1%
Target swyi3
15 80 - 0000
10 0.004
as b 0,002
204
0o 0.000
0-
0.5 -0.202
-2
1.0 -0.00¢
-0 -
=13
-0 ~0.006

_c ECMWF EUROPEAN CENTRE FOR MEDIUM-RANGE WEATHER FORECASTS eC Land 26



aiLand — Spatial Knowledge Transfer

swvll swvil

sti3

290 4 290 -
285 + 285 -
280-’ 280
0.3 it SNOWC
o — ecdand |
04 L Srene 031 --. aidand
0.2 1

M s

Wt el
0.0 ' ) o'o L — T T T T T T T T

aiLand trained on Sahel region aiLand trained on Boreal region
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ailLand — Parameter Perturbations

By fine tuning against observations, can we learn
biases in the model?

With more information on parameter sensitivities, can
we use the emulator for parameter estimation?

Can we exploit the differentiability of aiLand for land
model data assimilation?

How do we couple aiLand with the other Earth System
components (physical or machine learnt)?

st 4

Fig: Jacobian ..

sti3

Snowc

swvll swvi2 swvi3 stil sti2 sti3  snowc

V as )
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0.15 4

SM Layer 3 (m3 m-3)

Soil Moisture for emulator with default theta_cap value

2018 2019 2020 2021 2022 2023

Soil Moisture for emulator with theta_cap*0.5 value

0.35 4

0.25 1

v v N v v v
2018 2019 2020 2021 2022 2023
Soil Moisture for emulator with theta_cap*1.5 value

i ' — ecand
,l"‘ S A ec-l;
A NN —- ailand
\ A -~ n

(L) .

/!
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J

T T T T T T
2018 2019 2020 2021 2022 2023

Credit: Ewan Pinnington
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Forecast error

Bayesian Multi-Parameter Optimisation (slides by Birgit Sutzl)

lteration O
== igp(X)
1.5 e Observations
® Next query points
e Test
1.0
/’\. |
— 0.51 / \' '"_,r\\
freeg , \ . L] {’ \
/ \ -’ ®
001 e
_0.5_
_1.0 T T T T T T
10 20 30 40 50 60 70

f(x)

1.51

1.0

0.5
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-1.0
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lteration 2
\
15+—%
\
‘\
1.01 \\ J
NG _”
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X

Bayesian optimisation 1D example

« Gaussian process emulator estimates forecast error as a function of the parameter space.

« Emulator is trained with simulations sampling the parameter space.
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Parameter Optimisation for Orography

*  Multi-parameter optimisation for 5 parameters in the sub-grid

1 T{OFESLP@’S 40 Parameter space, iteration 5 (orography 49r1) . . .
! "y orographic parameterisations.
05 0.525
_ - bestsamplea nars « Using verification scores for different variables as forecast error
(P8 ot e 0a metric
| o3 ---- optimal, set 3 0.375 )
) e o * New parameters improve wind, particularly at lower levels.
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Normalised difference

Adaptive Parameter Tuning (slides by Gabriele Arduini)

3-Jun-2022 to 9-Jul-2022 from 54 to 73 samples. Verified against iohf.
Confidence range 95% with AR(2) inflation and Sidak correction for 12 independent tests.

Z2T: SH -90° to -20°, sfc Z2T: Tropics -20° to 20°, sfc Z2T: NH 20° to 90°, sfc
0.04 [T QO T T
0.02
0.00
-0.02

-0.04

-0.06

rsmin_v2_lamsk - ctl
rsmin_v2 - ctl
rsmin_apt - ctl
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Pressure, hPa

Pressure, hPa Pressure, hPa

Pressure, hPa

Pressure, hPa
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Spatialisation of Parameters

K-means Clustering
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Fires with ecLand/IFS (Slides by Joe McNorton)

Low resolution

Meteorological and land Fire Danger using meteorology, Update land surface for IFS
surface IFS forcing (9km) slope, flammability and fuel (1km) e.g. albedo (9km)

:

Observations
Active fires, Burnt area, S P(’\ﬁ R KY

FRP (e.g. 0.25km) THE ECMWF FIRE MODEL

Trace gas and aerosol
Fire Spread Model emissions for IF5 (9km)
(~7.5 minutes, Tkm)

Vegetation type, Fuel load, Returns burning, burnable, burnt and
Fuel mositure (1km) unburnable fraction per grid cell
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Fires with ecLand/IFS e ——————

Precipitation Weathar Daily Y
i 2m Temparature Weathar Daily IF5 ¥
Data'drlven forecaStS 2m Dewpoint Temperature  \Weathar Daily IFS 4
. . 10m Wind Speed Weathar Daily IFS ¥
* The global Probability of Fire (PoF) runs ive Leaf Load ol Daly FS-Sparky v
operationally in real-time (since 2023). Lve Wood Load Fusl Daily IFS-Sparky v
. r Dead Foliage Load Fueal Daily IFS-Sparky ¥
PoF comblnes_weather predllctlon, land Send Wood Load o Dalty FS-Sparky §
surface modelling and satellite data. DesdFoliageMoisturs  Fuel  Daily IFS-Sparky v
. . Dead Wood Maist Fuel Dails IFS-Spark ¥

» PoF based on Extreme Gradient Boosting — - — —
. L. . e Fuel Moisture Fuel Daily IFS-Sparky Y
(XGBoost), using a probabilistic classifier. Low Vegetation LA el Monthy  ESA-GCH N
. Hi ie ey LAI F Marthl ESA-CCI M

« PoF trained on MODIS/ VIIRS/ GOES/ fen Hegeration -
. . . High Vegetation Cover Fuel Yearly IFS N
METEOSAT/ Himawari active fire data. T el — s N
. T i i F n ¥ IFS

- The model produces daily 10-day ARAST Tgmatonmmen e =
. Type of Low Vegetation Fuel/lgn Yearly IFS M
forecasts at both 1 and 9 km horizontal Urban Cover T e s N
resolution. Lightning Intensity lgnition Daily IFS ¥
Population Density Ignition Static GPW vl - SEDAC M
Total Road Length Ignition Static Global Roads M

Inventory Dataset

Crography - Static IF5
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Fires with ecLand/IFS

Average data-driven probability of fire (weather only)

Number of days with recorded fire activity (MODIS)
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An improved fire prediction compared to current
Index and climatology
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Fires with ecLand/IFS

Average data-driven probability of fire (weathe

Number of days with recorded fire activity (MO
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Chhabra et al., 2022
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Burned two weeks
later!
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We have come a long way
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Food for Thoughts

Four questions ML can help us with :
Surfaces

The known Knowns — but how well do we Snow
actually know those?

Vegetation

The known Unknowns — where do we get this
information from?

The unknown Knowns — is there something
obvious missing in our models?

Water

The unknown Unknowns — how do we find out
what those are, and if they are relevant?

Image from Chorover et al., 2007
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Conclusions

What now ?

There may need to be a change to how we “do” land surface modelling

But how ?
We need to make more and better use of observations for land surface modelling

The value of ML4LM is not in the computational time, we need to exploit the added value there is in
both providing complementary information

There is a need for physical modelling into the future (climate change, non-stationarity) to provide
the background states, applications may be ML-driven

What is the risk ?
Thin line to walk between physically meaningful and “just” tuned parameters
A lack of spatial, observed data

Do we have to ?
Short answer — yes
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Thank you !
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