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Soll diffuse reflectance spectroscopy

Spectra measure the composition of soil which determines soll properties
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A single spectrum can provide information on the soil and its properties



Soll spectroscopic modelling - Multivariate regression
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[ Estimation

A soil spectral library with
spectra and corresponding
soll properties.

Statistical and machine
learning can be used as the
predictive models.
Hyperparameters of the
models need to be tuned for
accurate predictive models.



Artificial intelligence and machine learning
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Soll spectroscopy with Machine Learning
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Solil spectroscopy for mine site rehabilitation
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Soil spectroscopy for mine site rehabilitation

Spectrometers ﬁ \
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Solil spectroscopy for mine site rehabilitation
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Challenges in soll spectroscopic modelling

Hyperparameter tuning
Selection of hyperparameters are critical for the performance of machine
learning models.

Interpretation
Machine learning models are usually considered as ‘black-boxes’ because
they are difficult to interpret by humans.

Localisation
Models developed with large and diverse spectral datasets usually
generalize poorly at more local scales.



Hyperparameter tunning

Grid search |
Evaluate all possible hyperparameter Grid search
configurations
. Number of Number of model
Algorithm .
Random search Hyperparameters evaluations
Evaluate randomly sampled hyperparameter Partial least
configurations squared 1 20
regression
Hyperparameter optimization, e.g. Bayesian Cubist 2 ~80
optimization Convolutional
Neural 104 > 2104 ~ 1031

Use information from the previous evaluations to
guide the hyperparameter search.

network




Hyperparameter tunning — Bayesian optimisation
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Hyperparameter tunning — Neural Networks

Input

Artificial Neural Networks
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Hyperparameter tunning — Bayesian optimisation

a Conv-block
(Batch normalisation] d_ 1D-CNN \
Input data Objective:
Mean RMSE from 10-fold cross-validation
Conv-blocks
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Autom?ted spectroscopic
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convolutional neural networks
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Building blocks are optimsed for best cross-validation
performance using Bayesian optimisation.



Hyperparameter tunning — Bayesian optimisation

Optimal 1D-CNN on the LUCAS dataset.

RMSE=9.67 +0.51
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e Bayesianoptimization produced the most accurate 1D-CNN.

e Bayesianoptimizationtake much less trials to converge.

* Bayesianoptimization can automatically discoveran optimal 1D-CNN with
best accuracy.
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Interpretation of machine learning

Predictability
Deep Neural

Networks

Explainable Artificial intelligence (XAl)
Tools and methods to help understand
and interpret predictions made by your
machine learning models

) .

£ Examples: |

Q * Perturbation-based feature

CEL Regression/ importance

o Decision « SHapley Additive exPlanations
© Trees (SHAP)

v

Explainability



Understanding soil fungal abundance drivers

An example with perturbation-based XAl.
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Understanding soil fungal abundancy drivers
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fungal properties.

Perturbation-based Feature Importance
1. Perturb a predictor of interest.

2. Predict on validation data.

3. Calculatethe changesin accuracy (R?).
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Interpreting solil spectroscopic modeling with SHAP values

SHAP values
SHAP values are based on cooperative game theory and

derive from Shapley values.

Determine the contribution of each feature for a

prediction.

A background dataset is used as a reference for calculating

the expected value.

Understanding SHPA values
Positive SHAP valuesindicate that the feature increases
the prediction compared to the expected value

Negative valuesindicatethe opposite.

o

SHAP values

v

A B
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Expected responsevalue
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100 1
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0.00 |
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Haghi et al., 2021



Localising soll spectroscopic modelling

“Global” models built with large and diverse datasets do not
generalise well on more homogeneous “local” data.

Soil spectral library Inaccurate
4 Spectra soil ™\ Local data estimates

property
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L ocalisation methods

e Spiking
* Augment the local data with the soil spectral library
e Conditional filtering
* Filter the soil spectral library with pedologic, geographic, land use information etc.
* Augment the local data with the filtered library
* Distance-based deterministicsearch
* Use distance metrics (e.g. Mahalanobisdistance) to select spectral neighboursin the soil spectral
library.
* Develop spectroscopic modelling on the selected neighbours and predict on local data.
* Data-driven heuristic search
e Generate subsets from the soil spectral library
* Evaluatethe subsets on the analysed local data
* Augment the local data with the best subset
* Reusing feature representations
* Traina neural network on the soil spectral library
* Freese the early layers and re-train the neural network on local data



Localisation as a Transfer Learning problem
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Source (global) Data —> Modelling —> | Prediction
domain
_ - _ y,
4 )
i s A,
Information Instances Representationsé Parameters
: (samples) : S
- ﬂ J
~ 4 p
Target (local) Data — Modelling —> | Prediction
domain




Classification of Transfer Learning

Transfer learning

l

Analysed data available
in the local domain

Yes No

Inductive TL Transductive TL

Instance-based TL Representation-based TL Parameter-based TL

Spiking

Conditional filtering

Distance-based deterministic search
Data-driven heuristic search

Reusing feature representations



Localisation with Deep Transfer Learning (DTL)

Local soil organic carbon (SOC) modelling Dataset # samples
Deep transfer learning for localising spectroscopic Global 50,422
estimates of soil organic carbon at the farm-scale China 5 183
with a global soil spectral library (SSL). SSL
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Shen et al.(2022), Viscarra Rossel etal.(2016).




Localisation with Deep Transfer Learning (DTL)

Transferring instances
RS-LOCAL-v2.0

Resampling search

Repeat

Random selection of k instances from SSL (K)
Fit PLSR on k instances

Evaluate PLSR on local data (n)

Assign and record RMSE

hpON =

Localisation

1. Rank SSL instances by RMSE
2. Remove instances with largest RMSE
3. Update SSL

Yes

SSL> k

Localised data (k+n)

PLSR—partial least square regression;
RMSE—root means squared error.

RS-Local-v2.0 selects relevant samples from
SSL to augment local data for modelling.

1D-CNN and transferring representations
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Lobsey et al., (2017), Shen and Viscarra Rossel (2021), Shen et al. (2022)



Localisation with Deep Transfer Learning (DTL)

Optimised 1D-CNN

Deep transfer learning (DTL)
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@ Local: 1D-CNN developed on local data (n=30).

@ Global/Country: 1D-CNN developed on Global/Country SSL(s)

@ DTL-I: Deep transfer learning of Instances
@ DTL-R: Deep transfer learning of Representations
@ DTL-IR: Deep transfer learning of Instances and Representations.




Localisation with Deep Transfer Learning (DTL)

ARMSE, %
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e DTL-I from global SSL improved local SOC
prediction accuracy by 25.8% on average.

e DTL-R and DTL-IR did not show consistent

improvement.

DTLIR, ot
[ China [l Sweden [T] USA

OTLR

DTLIR,

Longiluda

soc o) WM\
i 2 a 4

ME—Mean error;
p.—Concordance correlation coefficient.

Chirna Sweden UsA
47 FAMSE=0.28 AMSE = 0.23 RMSE = 031
ME = 0,11 ME = D04 ME = -[.05
= 0B o = 0.90 e = 084
i .
o .
- = T
L] ] 3 B
o . e -rl";'—' e Wame
¥ & #
] . r
71: - 1
i ] 3
0 2 3 F 0 i 2 3 H 0 i 2 3
Cibsarvad S0C, %
Chirna Sweden usa
b B
3,16
i |
P | r - ¥
____.-""' i T | \ | |
_.-"'- - . \ [ [ ']
W (K 5:_\. 4 § L I L e :,.
. / 3 fal e Y |
9605 [ "
&0

P



Take-home messages

* Soil spectroscopyis cost-effective for predicting soil properties.
* Al and machine learning are commonly used for soil spectroscopic modelling.
 Hyperparameter tunning is critical for obtaining accurate predictive models.

e Explainable Artificial intelligence (XAl) can help derive understanding of machine
learning-based soil spectroscopic modelling.

* Transfer learning is the key for accurate local modelling with large spectral libraries.
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