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RS in supporting decision making

« Remote sensing technology to support sustainable
urban development

« 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

. 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
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RS in supporting decision making

Digital earth/open
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RS in supporting decision making

Masterplan since 2006
Preliminary infrastructure
Micro satellites (optical, SAR, hyperspectral).

National research program on space technology

Applications

Education programs on space technology
Integrations

Government strategies to 2030, 2040
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Machine learning in LULC, natural hazards

VoPham et al. Environmental Health (2018) 17:40
https/doi.org/10.1186/512940-018-02386-x

Environmental Health

)

aE"

ARTIFICIAL INTELLIGENCE

exposures across different geographic areas. The objectives of this commentary are to provide an overview of key
concepts surrounding the evolving and interdisciplinary field of geoAl induding spatial data science, machine
learning, deep leamning, and data mining; recent geoAl applications in research; and potential future directions for
geol in environmental epidemiology

Keywords: Geospatial artificial intelligence, geoAl, Spatial data science, Machine learing, Deep learning, Data
mining, Remote sensing, Environmental epidemiology, Exposure modeling

Machine learning in LULC, natural hazards

Naive Bayes
Averaged One-Dependence Estimators (AODE)
Bayesian Belief Network (BBN)
Deep Balzmann Machine (DEM) Bayesian |
4. Gaussian Naive Bayes
Deep Belief Netwarks (DBMN) 1
Deep Learning Multinomial Naive Bayes
Convolutional Neural Network (CNN)

Bayesian Metwork (BN}
Stacked Aute-Encoders
Classification and Regression Tree (CART)

meratve Dichotomiser 3 (103)

Random Forest
Gradient Boosting Machines (GBM)

Boosting o
| C5.0
Bootstrapped Aggregation (Bagging) | Ensemble Decision Tree |
AdaB ] % Chi-squared Automatic Interaction Detection (CHAID)
aBoost

Decision Stump
Stacked Generalizaton (Blending)

Gradient Boosted Regression Trees (GERT)
Radial Basis Function Network (REFN)

Conditional Decision Trees
M5
PrInipal Component Analysis (PCA)

Perceptron X -
Newral Networks Partial Least Squares Regression (PLSR
Back-Propagation

Samman Mapping
Hopfield Network Machine Learning Algorithms
Multidimensional Scaling (MDS)
Ridge Regression
_ ) Projection Pursuit
Least Absolute Shrinkage and Selection Operator (LASSO) |
Regularization Principal Component Regression (PCR)
Elastic Net Dimensionality Reduction zr
Partial Least Squares Discriminant Analysis
Least Angle Regression (LARS) \
ol | Mixture Discriminant Analysis (MDA}
ubist
Quadratic Discriminant Analysis (QDA)
One Rule (OneR)
Rule System |'_Regularized Discriminant Analysis (RDA}
Zero Rule (ZeroR)
Flexible Discriminant Analysis (FOA}
Repeated Incremental Pruning to Produce Error Reduction (RIPPER)
Linear Discriminant Analysis (LDA)
Linear Regression
k-Nearest Neighbour (kNN
Ordinary Least Squares Regression (OLSR)
Learning Vector Quantization (LVQ)
Stepwise Regression Instance Based
Regression Self-Organizing Map (SOM)
Multhvariate Adaptive Regression Splines (MARS)
Locally Weighted Learning (LWL}
Locally Estimated Scatterplot Smoothing (LOESS)
k-Means
Logistic Regression
k-Medians

Clustering
Expectation Maximization

Hierarchical Clustering
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Machine learning in LULC, natural hazards

Mining

Neurocomputing

https://www.sciencedirect.com/science/article/abs/pii/S0012825220302713
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Landuse / Landcover classification
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Deep learning in
remate sensing
“hange detection Accuracy assessment Classifieaiton
|
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https://www.sciencedirect.com/science/article/abs/pii/5092427
1610001140
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Landuse / Landcover classification
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Landuse / Landcover classification
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Landuse / Landcover classification

Data collection

Image pre-
processing

Image
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Image
Segmentation
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Landuse / Landcover classification
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Machine learning in LULC, natural hazards
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Machine learning in LULC, natural hazards

DSM at 1-m resolution (from WV-3
pairs)

Rooftop Solar PV Potential in
Vietnam
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Machine learning in natural hazards

Landslides
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Landslide detection

0.5 m Pan
1.65 m Multispectral

doi:10.3390/rs12152487
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Landslide detection

Image tile Segmentation map
Input output
Siomoid

Conv(1x1)

d0i:10.3390/rs12152487
19
Landslide detection
doi:10.3390/rs12152487 Model Precision (%) Recall (%) F1 (%)
U-Net 0.93 0.70 0.80
ResU-Net 0.96 0.83 0.89

B False Negative | | True Positive [l False Positive
20

10
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Landslide detection

https://doi.orq/10.3390/rs11020196
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Landslide detection

32 and 48 pixels
Aty

pool conv pool conv  pool conv

conv pool conv conv

https.//doi.orq/10.3390/rs11020196
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Landslide detection
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Landslide detection

 Landslide detectable using Deep learning
* High spatial resolution images (Worldview, GeoEye, UAV...)

 Spatial resolution upscaling

24
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Susceptibility mapping

https://www.sciencedirect.com/science/article/abs/pii/50012825220302713
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Machine Learning
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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

Susceptibility mapping
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Susceptibility mapping
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Susceptibility mapping

* Numerous studies
» Basic maps for hotspot studies (more detail in higher scale)
» Implemented with mid spatial resolution images (with Landsat,

Sentl nel) 5 Landsat 8 Landsat 8 Enhanced
| i

Sentinel 2 - ground truth

29

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

30

15
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Early warning

31

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

- Landslide location database (point, polygon)

Daily rainfall (mm) Daily rainfall (mm)

Dally rainfall {(mm)
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Early warning
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Early warning
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Early warning
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Early warning

Sensor location

40
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Machine learning in LULC, natural hazards
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Early warning
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Machine learning in natural hazards
« Limited rain gauge stations
» Susceptible maps with mid spatial resolution (landslide areas
normally several pixel size)
« Limited historic landslide data, weather data. Difficult to define
thresholds triggering landslides (require large dataset)
« Limited profiles of landslide hotspots
38
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Machine learning in natural hazards

» 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

39

Data processing platform

&« C Y @ Notsecure | datacubewn #r @ B 9 H

k’ Vietham Open Data Cube Home Data Cube Manager ~  Tools ~

Task Manager ~ Submit Feedback +JlLog In

Welcome to the Vietham Open
Data Cube

Wietnam National Space Center is using the power of the Open Data Cube to help
address the needs of satellite data users, giving them a better picture of their land
resources and land change

+ Ease of use and access to satellite-based data

« Multiple dataset interoperability and spatial consistency
+ Use of "Analysis Ready" Data Products

« A Shift in Paradigm from Scenes to Pixels

40
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Data processing platform

The presence of cloud and its coverage level in an image
could affect the integrity and the value of that image in
most remote sensing applications that rely on optical
satellite imagery

* LANDSAT 8 data have been widely used for remote
. . sensing applications
Landsat 8 Images ODC environment * Open Data Cube (ODC) environment allows big
» remote sensing data to be stored, managed and
analyzed
OPEN * The identification of cloud cover helps researchers
to select their desirable data for further analysis

IZDZI DATA
CUBE - An automated cloud segmentation method
especially applied for multiple scale LANDSAT 8

images in ODC environment built on deep learning

algorithm
41
Discussions
e Data is not a big issue
* Never mind about softwares and computing platforms
* How to effectively uses data -> big concerns
and can be solved with good strategy and governance
42
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