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Background

Neural Earth system modelling

Earth System Observation Data

Ground truth for the validation of
process-based models

Physical Equation-driven
Earth and Climate Modelling
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Persistent error sources, e.g., non-explicit
description of subgrid-scale processes and
insufficient model domain coupling
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Combination of deep process
understanding with recently revealed
advantages of machine learning
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Process-based models and
neural networks will be coupled
as actively learning and self-validating

hybrid models

in terms of physical consistency and

Increasing need for better theories, methods, and data sets

Essential Variables

Available data pool for extracting specific
training environments for neural networks

Earth Data-driven
Machine Learning

Highly specialized agents that uncover hidden
patterns and relate geophysical quantities

General lack of process knowledge leads '

to fundamental shortcomings, e.g., for
predicting non-stationary climate processes

Training based on model and observation
data allows neural networks to accurately
predict Earth system processes

Hybrid models will start to
outperform traditional models

predictive power

Successive research on explainable and interpretable AT
will make hybrid models more physically tractable

Combining the advantages of process-based with machine
learning models will drastically improve Earth system and
climate projections

Neural Earth System Modelling

Model-data fusion

Observation (#) & forecast (f) model

Observations (y)

f

Forward
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y = h(x,w)

Invers

30+ other

SENS0rs

Atmos: w;, x;

X geophysical state {output) Land: wij, Xi
W model processes & parameters Ice: wj, Xj

A observation model Ocean: wj, x;
f forecast model Chem: wj, X

¥ observed state
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(Irrgang et al., 2021)

Essential Variables
for Weather
(EV, WMO/GAW)

atmospheric
ECV

Essential i
Climate Variables climate
(ECV, GCOS) EOV Essential
oceanic OCEAN Variables
ECV (EQV, GOOS)
terrestrial oceanic
ECV EBV
Essential

Biodiversity Variables
(EBV, GEOBON)

terrestrial
EBV

atmospheric
EBV

GEOEssential
Variables

(GEO EV) (Lausch et al., 2018)

Predictions (x, w) ®

Atmospheric NWP analysis [e.g., 2-m temp)
Ocean and sea-ice analysis

Land and hydrology analysis

Process modeling

Deep learning

Parameter estimation

(Gettelman et al., 2022)

Significant precision inconsistencies exist among these
models due to their own limitations, even for the same
process or variable on an identical scale

The corresponding simulations or predictions are often
different or even contradictory, particularly with the
influence of anthropogenic activities in Earth systems
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Background Complex environmental gradients
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Background

a 10'
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KGE [-]

No model exists with consistently low noise levels over time and space

L +

F CMFD EJ ERA5Land £ GPM EJ GSMaP MSWEP EJ SM2RAIN

LU ?1@.%* w | f

-0.5+

KGE [-

-1.01

ety by by fek e,

<50

|ttty foy tb,

Akl W ity

50~181 181~522 522~1227 >1227
Elevation [m]

d1.0-

KGE [-]

<0.48 0.48~0.65  0.65~1.00  1.00~1.38 >1.38
Al

<2.00

"

200~450 4.50~11.75 11.75~28.25  >28.25
Tree Cover [%]

oy ity ey ety

<0.22 0.22~0.30  030~036  0.36~0.41 >0.41
SM3DayMean [m® m?]

iy iy by # M%

<0.02 0.02~0.06  0.06~0.13  0.13~0.26 >0.26

<0.002  0.002~0.005 0.005~0.008 0.008~0.014  >0.014

SM3DayStd [m® m?]

NDVI [-] c
(Chen et al., 2023. In review)



Background Efforts have been devoted to assembling multiple geoscientific models

® The superiority of using ensemble strategies over any of the single models

® Numerous ensemble methods have been proposed for various sub-fields of geosciences, for example,

* Hydrometeorological variables: Soil moisture; Evapotranspiration; Streamflow (or runoff),

* Physics-based CMIP5/6 models

* Ensemble learning in data-driven science: bagging, boosting, stacking,

from simple methods such as arithmetic MEAN to more complicated ones such as weighted mean using the BMA, EOF,

AWI-CM-1-1-MR BCC-CSM2-MR BCC-ESM1 | |CAMS-CSM1-0 ——CESM2-FV2
1.5 |—— CESM2-WACCM-FV2 CESM2-WACCM CEsSM2 CanESMS E35M-1-0
EC-Earth3-Veg U EC-Earth3 FGOALS-f3-L [ FGOALS-g3 GFDL-ESM4
—GISS-E2-1-G-CC B GISS-E2-1-G GISS-E2-1-H INM-CM4-8 I INM-CM5-0 H e H e e
IPSL-CMBA-LR I MCM-UA-1-0 MIROCSE -MPI—ESM‘I—Z—HR -MR|_ESM2_0 . However, aSSIgnlng fIXEd WEIghtS under a" Condltlons tO
I NESM3 I NorCPM1 0 MorESM2-LM SAMO-UNICON === GISTEMP
1= =Berkeley ~  eesee HadCRUT4 —— Multi-model mean

individual models that depend on just a subset of
environmental constraints may not fully utilize the strength
of ensemble approaches and/or individual models

® \With increasing data availability for earth systems, machine

Temperature Anomaly ( aC)

learning (ML) techniques provide additional avenues for

addressing this issue

1850 1870 1890 1910 1930 1950 1970 1990 2014
Year 6
(Opitz and Maclin, 1999; Fragoso et al., 2018; Zounemat-Kermani et al., 2021; Lu et al., 2022; Bai et al., 2021; Telteu et al., 2021; Zaherpour et al., 2019)



Background Automated machine learning (AutolMIL): An emerging area in ML

® However, the use of ML models is still faced with several challenges, such as feature engineering, model/optimization algorithm

selection, and neural architecture design, making it time-consuming and error-prone if constructed manually (Tuggener et al., 2019)
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Methods Automated machine learning-assisted ensemble framework (AutoML-Ens)
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® key strategy of mapping between the probabilities derived from the machine learning classifier and the dynamic

weights assigned to the candidate ensemble members
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Case 1

Mapping global soil water retention parameters

The pedotransfer functions (PTF) concept

Mean sand content % 0-5 cm

Soil properties:
T, texture; BD, bulk density;
C%, carbon; Str, structure

AWC in 0-5cm
0.200
O(h)=f(T, BD, C%, Str) 0.175
1 0.150
’ w0 0.125
09, h (~cm) +
10 0.100
o 0.075
K(h)=f(T, BD, C%, Str) g 107
8 o] 0.050
~ 40
RERET 10° 0.025
lngwh (~cm)
Hydraulic functions 0
—Sand —Silt loam — Clay Soil hydraulic property processes:

AWC, available volumetric water

capacity; infiltration; evapotranspiration;

drainage; run-off
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Case 1

National Cooperative Soil Survey

® 49,855 soil samples and a total of
118,599 water retention records
® measured at matric potentials of -

0.06, -0.1, -0.33, -1, -2, or -15 bar

Model setting

Mapping global soil water retention parameters

(a)

Latitude

(b) 100
NCSS data set
\ 5y 49,855 samples
504 ;5 80 M High density
- ‘ - - . ‘ ' = 60 -
U ® 5.0 = i Low density
01 . ) sicl
:'- O 40-
| ' fILO Ok SaClLo
01 207 SiLo
M& )
-180 -120 60 0 60 120 180 100
Longitude Sand (%)
PTFs Methods of PTFs Source
Cosby0 Lookup table Cosby et al. (1984)
Carsel & Parrish Lookup table Carsel and Parrish (1988)
Clapp & Hornberger Lookup table Clapp and Hornberger (1978)
Rosetta3-H1w Lookup table Zhang and Schaap (2017)

® up to 13 selected PTFs according to Zhang et al., 2018, 2020

® predictors (volumetric fractions [%] of sand, silt, and clay, BD

[g/cm3], OC [%], and matric potential [bar])

Cosbyl
Cosby?2
Rosetta3-H2w
Rawls & Brakensiek
Campbell & Shiozawa
Rosetta3-H3w

Regression equation
Regression equation
Neural networks
Regression equation
Regression equation
Neural networks

Cosby et al. (1984)

Cosby et al. (1984)

Zhang and Schaap (2017)
Rawls and Brakensiek (1985)
Campbell and Shiozawa (1992)
Zhang and Schaap (2017)

Waésten Regression equation  Wasten et al. (1999)
Weynants Regression equation Weynants et al. (2009)
Vereecken Regression equation  Vereecken et al. (1989)

(Zhang et al., 2020; Chen et al., 2023. GMD)



Case 1

Mapping global soil water retention parameters
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Compared to conventional ensemble
approaches, AutoML-Ens was superior
across the datasets (the training, testing,
and overall datasets) and environmental
gradients with improved performance
metrics

With the largest positive R? difference
value of 0.075 (improved by 9% from
0.797 to 0.872) and the lowest negative
RMSE difference value of -0.012 m3/m3
(reduced by 22% from 0.055 to 0.043
m3/m3) compared to the MEAN
ensemble (considered as the benchmark)
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Case 1 Mapping global soil water retention parameters

(a) Water content difference at -0.33 bar: AutoML-Ens - HME (b) Water content difference at -15 bar: AutoML-Ens - HME

® A set of global soil water retention
parameters (with a resolution of 10
km) was produced at different soil
depths (that is, 0-5 cm, 5-15 cm, 15-30
cm, 30-60 cm, 60-100 cm, and 100-
200 cm) using the SoilGrids soil

Water content difference (0-5 cm depth) (m*/m®
|
-0.12 0 0.12 0.24 0.36

composition database (Hengl et al.,
2014, 2017) as input for the newly
proposed AutoML-Ens

(c) Water content at -0.33 bar: AutoML-Ens (d) Water content at -15 bar: AutoML-Ens

https://doi.org/10.6084/m9.figshare.17098487.v1

Water content (0-5 cm depth) (maa’mm

0 0.1 0.2 0.3 0.4 0.5 0.6

(e) Water content at -0.33 bar: HME (f) Water content at -15 bar: HME

Water content (0-5 cm depth) (m3fm3)

0 0.1 0.2 0.3 0.4 0.5 0.6

(Chen et al., 2023. GMD)


https://doi.org/10.6084/m9.figshare.17098487.v1

Necessity of assigning optimal dynamic weights in ensemble approaches
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Case 1l If the classification accuracy matters?

® |[f taking the mean per class error, which indicates misclassification of the data across the classes, as an indicator, it can be about
77% in this example

® Poor accuracy may result from the uneven distribution of available data samples, their low representative ability, and inter-
model similarities and dependencies (Holtanova et al., 2019).

(a) Largest: Water content at -0.33 bar (0-5 cm) (b) Top 2-weight difference: Water content at -0.33 bar (0-5 cm)

14
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Case 2

Improving remotely sensed cropland ET estimates

FLUXNET measurements in combination with remotely sensed surface parameters
® atotal of 83,621 record (daily scale)

() CIN 1250
50 4 : :'.. ;.'-';‘:. ol 50 - 1000 A
. ) €
E 04 ° 15 - £ 7801
3 < %
500 A
10 4
-50 4
250 4
5 -
-180 -1 2{]' -GUI 0I GDI '12{}I 180 N =I45 N =I 42
Longitude Flux sites Flux sites
Six physically-driven remote sensing-based ET models.
Model name Driving forces Reterence
PT-JPL VPD, T, R,, NDVI, SAVI Fisher et al. (2008); Vinukollu et al. (2011)
PT-DTsR To, Ry, DTsR, NDVI Yao et al. (2013)
STIC T., VPD, u, R,, T, NDVI  Mallick et al. (2014, 2015, 2016); Bhattarai et al. (2018)
SEBS T, VPD, u, Ry, T, NDVI  Su (2002); Chen et al. (2013)
RS-WBPM T., VPD, u, Ry, EVI, Py Bai et al. (2017)
EVI-PM 1., VPD, u, R,, EVI Yebra et al. (2013); Bai et al. (2017)

(Bai et al., 2021; Chen et al., 2023. GMD)
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Case 2

The advantage of an AutoML-based workflow
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Case 2 Pure AutoML-based ensembles may appear largely inconsistent with known physics

Energy fluxes

Rn

RS

Rn=H+LE+G ?f( ?«,B
1 0.5 0 0.5 1 150 100 50 O 50 100 150
R? RMSE (W/m?)
A possible extension: Incorporating physical knowledge into machine learning 17
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For specific ensemble tasks, several challenging issues still exist,
for example,

® Over- and/or under-estimation, e.g., smoothed ensemble

® Sample representation, e.g., extreme values

® Similarities among ensemble members, e.g., sharing the same data
source, parameters, and assumptions

Slow down and think creatively,......



Case 3

Framework extension: Joint machine-learning based classification and regression

Predictors

Multi-source products
~ CMFD

" ERAS5Land

GPM

GSMaP

MSWEP

SM2RAIN

AutoML
Training, Validation &
Testing

Environmental conditions

( Elevation
 Avidity index
( Tree cover

(SMSDayMean
~ SM3DayStd

o

NDVI

Algorithms

Deep neural network
(DNN)

(Gradient boosting machine

(GBM)

Generalized linear model
(GLM)

( Extreme gradient boosting

(XGBoost)

Extremely randomized trees
(XRT)

( Stacked ensembles

N\

NN

Multi-Source Pr:

Targets

/- Step 1: Original dry/wet day classification

Target: Day type

Dry day 1

Wet day 2

Step 2a: Wet day regression

Target: Obs

Step 2b: Wet day classification

Target: Optimal product

\

Step 3: Additional dry/wet day classification

Dry day 1

Target: Day type

Wet day 2 <

Wet day 3 <

ecipitation Ensemble (MSPE)
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Ensemble

Regression-based ensembles vs Classification-based ensembles
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Case 3 Still perform better over ungauged regions
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Case 3

Cracking the Box: Interpreting black box machine learning models

Original Dry/Wet Day Classification
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Summary and outlook

® AutoML-Ens’ three unique features:
v’ assighing dynamic weights for candidate models
v" taking full advantage of AutoML-assisted workflow
v’ flexible, extendable, modular and computationally efficient
® Similarities within a multi-model ensemble are responsible for poor classification accuracy but allowed

® Suggestion: combining data-driven approaches with physics constraints

® Next big step: explainable Al--From black box to transparency



For details

v Chen et al. (2023). Geoscientific Model Development. Dynamically weighted ensemble of geoscientific models via
automated machine learning-based classification. (In Press)

v Chen et al. (2023). Atmospheric Research. Toward an improved ensemble of multi-source daily precipitation via joint
machine learning classification and regression. (In Review)

v" Or by email - hao _chen@tju.edu.cn; ha.chen@fz-juelich.de
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How much rain will fall in Jilich tomorrow?

Guten Appetit! Seecasino, Forschungszentrum Jilich



Models and ensembles

Probability Amounts 4
© 0
Harry 87% 10 mm
O
Systems P °
Carsten 66% 15 mm £ o O 8
g . O llllll
Remote sensing O o © O
T o ©
Weather radar O )
() >
1980 Time 2023
Thomas 10% 2 mm
65.75% 8 mm 100% 9 mm
Mean VS Real

® Numerous ensemble methods have been proposed
e,g., Ensemble learning in data-driven science: bagging (Breiman 1996), boosting (Freund and Schapire 2005), stacking (Wolpert 1992)
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A data-driven ensemble framework ------ A machine learning classifier

Binary Classification Multiclass Classification
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(Source: Matlab)

® Key strategy of mapping between the probabilities derived from the machine learning classifier and the dynamic weights
assigned to the candidate ensemble members



Dynamic weights
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® \Weights assigned to candidate ensemble members vary depending on the spatial and temporal changes in environmental conditions and

the performance capabilities of individual models under these conditions

Chen et al. (2023). Geoscientific model development (In Press).



Labeled optimal prediction with LAE

Implementation

A simple-scale ensemble, done! But,
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5
LAE: Least absolute error



Framework extension: Joint machine-learning based classification and regression
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Stacked ensembles
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Chen et al. (2023). Atmospheric Research (In Review).



If the classification accuracy matters?

Environmental conditions -> models

Weather radar
Thomas

Similarities within a multi-model ensemble are responsible for poor classification accuracy but allowed



Automated machine learning: An emerging area in ML

® However, the use of ML models is still faced with several challenges, such as feature engineering, model/optimization algorithm

selection, and neural architecture design, making it time-consuming and error-prone if constructed manually (Tuggener et al., 2019)
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