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Agenda

« Remote sensing in supporting decision making
 Machine learning in LULC, natural hazards

e Landuse / Landcover classification

e Landslide detection
« Susceptibility mapping (Flood, Landslide)
e Early warning

e SUMMary



RS in supporting decision making

« Remote sensing technology to support sustainable
urban development

e Meet the ever-increasing demand from city-based
populations.

« Earth observation to support natural hazard analysis,
urban zoning, population density mapping and planning
the cities of the future, traffic management



RS in supporting decision making
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Digital earth/open — driving forces for remote sensing development

(USGS. 2016)



RS in supporting decision making

. Air pollution . Natural hazards:
Biodiversity . Landslide, flashflood susceptibility
Urban and urbanizations . Early warning
Climate change and GHG emission  Urban management
Food securities LULC classification

Ocean research and ocean technology Energy

. \Water resources



Machine learning in LULC, natural hazards

Neurocomputing

Mining

https://www.sciencedirect.com/science/article/abs/pii/S0012825220302713



Machine learning in LULC, natural hazards

Deep Boltzmann Maching (DEM)
Deep Belief Networks (DEM)
Conwolutional Neural Metwork (CNMN]
stacked Auro-Encaders

Random Forest

Gradient Eoosting Machines (GEM)

Boosting |

Bootstrapped Aggregation [(Bagging)

AdaBoost

Stacked Generalization (Blending)

Gradient Boosted Regression Trees (GERT)
Radial Basis Function Metwork (REFN)
Perceptran

- Deep Learning
—

\
} Ensemble

Eack-Propagation
Hopfield Network
Ridge Regression
Least Absolute Shrinkage and Selection Operaos ILASSDN
Elastic Met
Least Angle Regression (LARS)
Cubise
Ome Rule (OneR)
Zerp Rule (ZeroR)
Repeated Incremental Pruning to Prodwece Error Redwction (RIFFER)
Linear Regression
Ordinary Least Squares Regresiion (OLSR)

Stepwise Regression
Multivariate Adaptive Regression Splines (MARS)

Locally Estimated Scatterplot Smoathing (LOESS)
Logistic Regression

1 Mewral Metwarks
r
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Bayesian =: -

Marve Bayes
Averaged One-Dependence Estimators (AODE)

Bayesian Belief Network (BBM)

Gaussian Manve Bayes
Multinamial Maive Bayes

Decision Tree

Dimensionality Reduwction 4,

Instance Based b

Chustering |

Bayesian Netwark (BN

Classification and Regrasseon Tree (CART)

Rerative Dichotomiser 3 (D3 )

4.5

C5.0

Chi=squared Automatic Interaction Detection (CHAID)
Decision Stumg

Conditipnal Decision Trees

M5

Principal Component Analysis (FCA)
Partial Least Squares Regression (PLSH
Sammon Mapping

Multidimensional 5caling (MD5)
Prajection Pursuit

Frincipal Component Regression (PCR)

Partial Least Squares Discriminant Analysis

Mixture Discriminant Analysis (MOW)

Quadratic Discriminant Analysis (QDA)

Regularized Discriminant Anabysis (ROA)
!, Flexible Discriminant Analysis (FOAN

Linear Discriminant Anabysis (LDA)

k-Mearest Meighbour (kNMN)

Learning Vector CQuantization (LW

Self=-0rganizing Map (50K

Locally Weighted Learning (LWL}

K-Means

k-Medians
Expectation Maximization
Higrarchical Clusne ring




Machine learning in LULC, natural hazards



LULC classification
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LULC classification
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Landslide detection

Geokye-1
0.5 m Pan
1.65 m Multispectral



Landslide detection



Landslide detection

Model Precision (%) Recall (%) F1 (%)

U-Net 0.93 0.70 0.80
ResU-Net 0.96 0.83 0.89




Landslide detection

Kich thwdc manh vai Kich thwdc manh vai
tadm la diém truot tdm la diém Khong-truot



Landslide detection

Kich thuwdc manh dau vao khac nhau
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Landslide detection

e Landslide detectable using Deep learning

* High spatial resolution images (Worldview, GeoEkye, UAV...)

e Spatial resolution upscaling



Susceptibility mapping

Artificial Newural Network

Linear Regression Support Vector Machine
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https://www.sciencedirect.com/science/article/abs/pii/S0012825220302713

EES — Environmental Earth Science,
GEM — Geomorphology,

NAT — Natural Hazards,

LAN — Landslides,

ARA — Arabian Journal of Geosciences,
NHE — Natural Hazard and Earth System
Sciences,

ENG — Engineering Geology,

GNH — Geomatics Natural Hazard

Risks,
GEO — Geocarto International,
CAT - Catena,

JMS - Journal of Mountain Science,

SCT — Science of Total Environment,

REM — Remote Sensing,

BOE — Bulletin of Engineering Geology and
the Environment,

ISP — ISPRS International Journal of Geo-
Information,

RSE — Remote Sensing of Environment,
ASB — Applied Science,

COM — Computer and Geosciences



Landslide susceptible map

Input datasets



Landslide susceptible map

Training set

Elewation
Aspect
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Stream Power Index
Compound Topographic Index
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Flood susceptible map
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Susceptibility mapping
 Numerous studies
e Basic maps for hotspot studies (more detail in higher scale)

* Implemented with mid spatial resolution images (with Landsat,

Sentinel)

sentinel 2 - ground truth
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Early warning

Data-based early warning
- Weather forecast
- Rain thresholds potentially trigger landslides

- Field monitoring (temp, rain, movement sensor, underground

water level...)
- Data from field surveys

- Landslide, Flood susceptible maps and hotspot zoom In



Early warning

Achievement in Vietham
- Multiple scale susceptible maps
- Technical profiles (soil structure, forest covers...) of several
hotspots

- Landslide location database (point, polygon)
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Rain accumulation (7,
10, 15, 30 days) to

define thresholds which
trigger landslides



Early warning

Sur |

ARI = ’%WJ , (t-|-])2

=0

P, rain amount of day t , t=0 day
of forecast, t=6 days before day
of forecast

https://doi.org/10.1002/2017EF000715




Early warning

https://www.sciencedirect.com/science/article/abs/pii/S0169555X18303210



Early warning

Sensor location

Debris Flow Warning through DDMI

Real rainfall

8 Rainfall Threshold for Predict rainfall
Debris Flow Warning : >Threshold " >Threshold
250 ~650mm e
o™
0w e iz 23
Sea typhoon Sea & land typhoon alarm & -
alarm Yellow Warning UG RVl
ey "
i) Rt Eersuis!'v: Mandatory
al government s vacuation ]
Advise the inhabitants - el
: : b0 SVaCLURT. Local government should Force
Rain accumulation and movement ., _. _ the inhabitants to evacuate.

https://www.mdpi.com/2076-3417/10/19/6718



Early warning



Early warning



Summary

Limited rain gauge stations

Susceptible maps wit

normal

Limitec

y severa

pixe

historic

ands

N mid spatial resolution (landslide areas

size)

Ide data, weather data. Difficult to define

thresholds triggering landslides (require large dataset)

Limited profiles of landslide hotspots



Summary

e Automatic detection of landslides using

- Deep learning with high spatial resolution images

- Collection of weather data when landslides occur

 Installation of sensor for early warning

« Early education of satellite data and their uses
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