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We can't measure everything and everywhere
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Types of machine learning

Supervised

Regression

Machine Learning
|

Reinforcement

Dimensionality Reduction

Unsupervised
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Clustering

Classification

* Decision Tree
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* Logistic Regression « SVM

« K-Means
» Mean Shift

* Principal Component Analysis
(PCA) u
« Feature Selection

* Decision Tree
* Naive Bayes

Deep Learning (Artificial Neural Networks)




ML in spatial predictive modelling
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Advantages

No assumptions

Partial dependence
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Can capture complex non-linear

relationships
Interpretability
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Machine learning is inherently not spatia
..but spatial aspect can be added



CPU count RAM (GB)

Model Time

Baseline raster 1h21m 16 168
XY 1h45m 16 148
KNN 1h43m 16 160
BD 4h13m 16 192
RFRK 1h51m 16 260

RFRK

R?=0.61

S0C %

=40
Harrison, 2023



Baseline — no spatial awareness
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NDVI

R?=0.70

J0S

NDVI

Overfitting
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Multidimensionality

Reducing multidimensionality and keeping only the
meaningful covariates usually gives better results

Attribute TN_MODEL_V1 TN_MODEL_V2 TN_MODEL_V3 TN_MODEL_V4
n_features 62 35 47 38
A
r2_train 0.88 0.94 0.92 0.93 K
r2_test 0.79 0.83 0.82 0.83 CE kTR
vip el \
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Sampling (spatial) representativeness?
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Area of applicabili
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Carbage in, carbage out

THIS 15 YOUR MACHINE LEARNING SYSTETM?

YUP! YOU POUR THE DATA INTO THIS BIG
PILE OF LINEAR ALGEBRA, THEN COLLECT
THE ANSLJERS ON THE CTHER SIDE.

WHAT IF THE ANSLERS ARE LJRONG? )

JUST STIR THE PILE UNTIL
THEY START LOOKING RIGHT.
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Thank youl
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w43+ Landscape Geoinformatics Lab = me
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