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Machine learning has been
widely applied to water, energy
and carbon cycle.

Soil water is an important
component of the water cycle of
the Earth System

Machine learning (ML., deep learning, DL)
a powerful tool to predict water cycle.

In predicting soil moisture, machine learning
has achieved an RMSE below 4%, according to
various studies (1.4%~4%)!1-31,

Process-based model

Zhuo et al (2019) evaluate three land surface
models: WRF-Noah, Noah-MP CLM4

RMSE ranges from 6%~ 14%!4
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Blackbox Nature of Machine learning

Effect
We understand the algorithms, but we Users
do not understand how the model - Difficulty in Trust and Adoption
arrives at a particular decision or *Users hesitate to trust and adopt ML models

Challenges in Model Validation
-uncertainties about the model's generalizability and
robustness

pred'Ct'?Qck of Transparency

ML Modelers
Model Troubleshooting and Improvement
Potential for Bias and Unfairness

Black Box

INPUT OUTPUT

A 4
A 4

Input is converted

T -difficult to identify and correct biases in training data

Domain Experts
Communication with Domain Experts
limit the model's utility and the integration of expert
knowledge

Solution: Explainable Al (XAl)
« More transparent ML model
e.g. Decision tree; White-box Transformer (Ma et al., 2023): Physical
informed machine learning
« Methods to explain the decisions of ML
e.g. Feature importance, SHapley Additive exPlanations (SHAP)



XAl- Perturbation-based method

Model-agnostic: any model
Permutation feature importance (PI)

'l

Basic idea:

Perturbance assess the impact of each feature on

model performance by randomly alte
~..; Perturbance: : | ring the feature values across the dat

Average difference
= Feature Importance

L BX ] aset and observing the resultant cha
m nges in accuracy or performance.
S _hg'b'.j{;;.li'éﬁé}{giéf ;
‘ﬁ-"ﬂ SHapley Additive exPlanations (SHAP) X o ot
X’ (without feature of interest)
Sensitivity = — o , , — N — Herence catentad

Ax Basic idea: It connects optimal credit |-t ot PSR
Sensitivity determines allocation with local explanations Alianee o Nt RN [R——
feature lmpt}ﬂance, using the CIaSSiC Shapley Values from ,-\|1Tancc3 - \ | Alliance 3 | AV=Y(X)-Y,(X)
change iny if x changes game theory and their related e S et L R
by Gne Unlt. eXtenSionS Coalitions Average tll!{liffcrcnucs

Shapley(F.)=
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local linear regression



XAl-Gradient-based methods

Model-specific: neural networks

- The smooth gradient (SG) method works as follows: first, some random
. noise is added to the input image, second, the pixel attribution is obtained
Gradient by a saliency map of the noisy image, and third, the heatmap is averaged
& o & = over multiple noisy images.
® @™
® @. SC(y) — Ly oF (x + x(0,0?))
777777 @, 'R (x) = 17 Ll o
IG
Sa'_'ency mapaf(x) where x is the input in a neighborhood, n is the number of samples,
gradient = dx v IS Gaussian noise with a standard deviation

Gradient extracted by
propagation, is related to
feature importance
(depend on methods).




XAl

Synergistic application of XAl methods

Feature importance

Feature effect

Pixel importance
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Synergistic application of XAl methods

Why use multiply XAl methods
1. Complementary Insights:
--- diverse forms of interpretation provide a more comprehensive understanding
2. Validation of Explanations
---consistent explanations across different XAl methods increase confidence
3. Robustness to Method-Specific Assumptions

---reduce the risk of depending on a single method that may harbor biases or blind spots

Purpose of our studies
1. Understand the relationship and key drivers
2. Model validation and trust
---physical consistency. Or even improve model
3. Assess XAl methods

--- which XAl method is better or more suitable for a specific case



1. Interpretations by XAl at a site

Contents lists available at ScienceDirect

Environmental Modelling and Software
|

ELSEVIE

R journal homepage: www.elsevier.com/locate/envsoft

Beyond prediction: An integrated post-hoc approach to interpret complex
model in hydrometeorology

Feini Huang “, Wei Shangguan ', Qingliang Li®, Lu Li%, Ye Zhang®

tORGEEENS

A toolbox named ExplainAl in python is provided with examples of hydrometeorology.

FLUXNET data from Ha2 site

Training set —

i !

Testing set P

Random forest

modeling

Predictors: Target :
Features values SM data |

.

Feature effects

3

Statistical metrics
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Feature selection MSE-based Shapley 1-D PDP or 1-D ICE and 2-D ALE
feature values ALE DICE
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: . 5. To evaluate feature average SM cevolution of an the
Contrived Sequentlal the feature importance evolution with instance with interactions
work backwards importance by via quantified one feature one feature of features
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(SBS) MSE SM




1. Interpretations by XAl at a site

Model performance
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2. Interpretations of soil moisture drought by XAl

ENVIRONMENTAL RESEARCH
LETTERS

30 FLUXNET sites

for forest and grassland

ACCEPTED MANUSCRIPT - OPEN ACCESS

Towards interpreting machine learning models for predicting soil
moisture droughts

Feini Huang', Yongkun Zhang?, Ye Zhang'!, Wei Shangquan', Vahid Nourani®, Qingliang Li*
g g 9 g g9 gliang
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Permutation importance

Permutation importance

2. Interpretations of soil moisture drought by XAl

Model performance

RF model with R20.6~0.95
SHAP for extreme droughts

Permutation importance Grassland: Latent heat and VPD has lager effect
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3. Interpretations of spatial-temporal predictions by XAl

ﬁ:ﬁ\ agriculture

Article

Interpreting Conv-LSTM for Spatio-Temporal Soil Moisture

Prediction in China

Feini Huang 1", Yongkun Zhang 2, Ye Zhang !, Wei Shangguan 1-*

a)

In B ut Conv-LSTM Conv-LSTM

, Qingliang Li 2

Air forcing Filters: 256 Filtl::lil}za
Soil properties, . KearZ:_'L'foT " Kernal: 5x5
. . . DEM, X 25% Dropout
Reg | O n . C h | n a Land use S 0D Batach Norm
(b)
Data: ERA5-Land Conv-LSTM

Input layer

Model: Conv-LSTM

XAl: PI, SG(smooth
gradient)

| ’
Temporal|

, Lu Li ! and Shijie Jiang 3

Output
Daily SM

Convolutional
~._ kernel

Qutput layer

SG is the best XAl in correctly reflecting the relationships among the six:
SG, Saliency map (SA), square gradient (SgG), VarGrad (VG), integrated gradients (Gl), gradient input (Gl)



3. Interpretations of spatial-temporal predictions by XAl

Model performance
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3. Interpretations of spatial-temporal predictions by XAl

Gradients of six regions
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XAI for Soil Organic Carbon:
The Role of Carbon Fluxes



Scientific questions

(1))What degree of variation in SOC levels can be expected in
China from 2021 to 2100 under multiple Shared
Socioeconomic Pathways (SSPs)?

(2) What is the relative contribution of carbon fluxes to changes
In SOC compared to the effect of climate change and land use
change?

(3) How will carbon fluxes shape the trajectory of SOC In the
future?

16



Methods

Step 1

profile records

T
Extract data to ‘ RUL oo kM, T iR
Y ! H .|"l l"'.. -, . ;! ;“ ..'I' . h, -.:..
% generate regression AR ANLS B AD AR Step 3
i matrix _
| Buil Random Forest Model

SN Sensitivity analysis and two XAl
FP Step 2 Attribution analysis | methods: Random Forest Importance
' T ¥ T (RFI) and Shapley Additive
Covariates rasters Predict SOC & ;
Explanations (SHAP
. 2 | o T’? P ( )
o CMIPEF K &03E
W 2| 1980-2100 | seemim
m{ { o+ (a)0-100cm - s
| N B3F1M [ETTY ] RPN
' . ‘é CTR 2 3 4
§ =S

Step 1: A Random Forest model for SOC for spatial-temporal prediction is established using DSM.

Step 2: covariates for different periods are introduced to predict the SOC distributions at different
times.

Step 3: An attribution analysis is conducted to explore how these variables influence the changes in
SOC.
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Results-Changes of SOC in future

SSP370

SSP585

(a)0-100cm
| SSP126 |
* In terms of total quantity, SOC shows &' i
an upward trend in the future. >3
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ESMs data are quite obvious.

 In SSP370, the total amount of SOC
rises more significantly.
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Analysis by XAl GPP of summer (GPP_S2)
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