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INTRODUCTION RESULTS

Land degradation, defined as declining capability of the biological or economic productivity of land to provide
ecosystem services, is closely connected to energy security. It is caused by a combination of direct factors (land
use/land cover changes, climate change) and indirect factors (population pressure, socioeconomic and social-
ecological conditions, interactions between humans and nature, land management policy), and can vary in
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severity over time and with location. As a result of human activities such as land use change, LD can alter B Very high B Very high
hydrological conditions that are crucial for water resources and sustainable river basin management. To assess Hig High
LD, it is necessary to consider both natural and human-induced factors, e.g., climate change, urbanization, and i Moderate

rising demand for food and fuel. Due to the many interacting factors causing LD, machine learning techniques
could be useful in LD impact assessment. The aim of the present study was thus to develop a new quantitative
LD mapping approach using new machine learning techniques, benchmark models, and selected socio-
environmental conditioning variables.

| Low

Very low

Land degradation

METHOD & (c) BESES-claseificd (d) DA-classified

zone Land degradation

r’ Iy M Very high zone
R : : High M Very high
Moderate High
= ; it g gty [ Low Moderate
( Digital elevation model ]( Land use = Very low | Low
( Slope }( Population density A
[ Curvature )( Population growth rate N
WGS 84
[ Topographic wetness index ] ( Residential and industrial area Zone: 39
( Train roughened index ]( Distance to road (r;—l’()_z]hlo
( Sky view factor Kllomreters 2SVM ®GLM ® MARS ®DA
( Aspect Fig. 2. Land degradation maps S

based on the benchmark algo-
rithms: a) Support Vector Ma-
chine (SVM), b) Generalized
Linear Model (GLM), ¢) Multi-
variate Adaptive Regression

Table 1. Performance of the model used
Models ROC-AUC  Kappa index

Normalized standard deviation

[ Field sampling of land degradation ]

SVM 0.864 0.866

GLM 0.829 0.823 95
MARS 0.825 0.812 A

DA 0.880 0.892
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