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Abstract: 
Despite significant progress in the 
development of automatic 
image processing chains for 
landslide inventory mapping, the 
tedious manual interpretation of 
aerial and satellite images 
remains the de facto standard. 
The availability of freely available 
satellite imagery acquired by the 
Sentinel-2 satellites offer new 
opportunities to finally bring 
automated methods into an 
operational context. To this end, 
this study implemented and 
tested a new largely automated 
processing chain for landslide 
inventory mapping from pre- and 
post-event satellite data. 

Created in 1987, the European and 
Mediterranean Major Hazards 
Agreement (EUR-OPA) is a platform for 
co-operation between European and 
Southern Mediterranean countries in the 
field of major natural and technological 
disasters. Its field of action covers the 
knowledge of hazards, risk prevention, 
risk management, post-crisis analysis 
and rehabilitation. 
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Sentinel-2 true color composite images before (2016/01/01, left) and after (2016/12/15, right) the 
occurrence of the Kaikoura earthquake on 14/11/2016 (New Zealand). 
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Within this context, this study targets the 
development of a largely automatic, 
supervised image processing chain for 
landslide inventory mapping from bi-
temporal (before and after a given 
event) Sentinel-2 optical images. The 
processing chain combines change 
detection methods, image segmentation, 
higher-level image features (e.g. texture, 
shape) and topographic variables. Based 
on a few representative examples 
provided by a human operator, a 
machine learning model is trained and 
subsequently used to distinguish newly 
triggered landslides from other landscape 
elements. The final map product is 
provided along with an uncertainty map 
that allows identifying areas which might 
require further considerations. 

The aim of the Project “Development of 
cost-effective ground-based and 
remote monitoring and early warning 
system for detecting debris 
flow/landslide initiation” is to test and 
implement geophysical techniques for 
landslide long-term monitoring and 
landslide detection.  
Landslide detection and inventory 
mapping after major triggering events 
such as heavy rainfalls or earthquakes is 
crucial for disaster response, the 
assessment of hazards, and the 
quantification of sediment budgets and 
empirical scaling laws. Numerous studies 
have already demonstrated the utility of 
very-high resolution satellite and aerial 
images for the elaboration of inventories 
based on semi-automatic methods or 
visual image interpretation. 
Nevertheless, such semi-automatic 
methods are rarely used in an 
operational context after major 
triggering events; this is partly due to 
access limitations on the required input 
datasets (i.e. VHR satellite images) and 
to the absence of dedicated services 
(i.e. processing chain) available for the 
landslide community. 

Introduction Landslide deformation monitoring with 

satellite image time series  

Top: Location of the epicentre of the 
Kaikoura earthquake. 
Bottom: Co-seimic landslide forming a 
river damn at the downstream section 
of the Leader River (Source: Geonet) 

Large co-seismic rockslide in the catchment of the 
Hapuku River (Source: Geonet). 
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Methods and Data  

Machine learning model training and 
prediction 

The labelled segments are used to train a 
Random Forest [4] machine learning model 
which, once trained, is subsequently used to 
predict the label of unlabelled segments and 
thus generate the final landslide inventory map 
(Fig.1). The accuracy of the final map can be 
estimated by iteratively removing a fraction of 
the training data to test the accuracy of the 
prediction. The resulting inventory is provided 
as a probabilistic map and comprises an 
additional map depicting the uncertainty of 
the classification. 

 
Implementation details 

The processing chain is mainly implemented in 
Python 3 and relies on a series of open-source 
image processing tools such as MicMac and 
OTB and the H2O machine learning library 
which provides a parallel and distributed 
implementation of the Random Forest 
algorithm. The user intervention is limited to the 
choice of the input images, adjustments of the 
segmentation scale and the provision of 
training data which should be representative 
for the types and distribution of the landslides 
encountered in the study area. The processing 
time is approximately one day on a typical 
work station (8 CPU, 16 GB RAM). 

Input data 

The processing chain has been originally designed to ingest 
primarily Sentinel-2 and Landsat-8 data but can also be 
employed to analyse very high resolution satellite imagery 
(e.g. Pléiades, Geoeye, WorldView). The chain requires two 
images, one before and one after the landslide event and 
some examples for landslides triggered during the event in 
form of a polygon shapefile. A digital elevation model for 
the study area will be downloaded and analysed 
automatically from global datasets which are freely 
available online. To account for residual offsets the input 
images a co-registered using the approach described in [1]. 

 
Mask generation 

To reduce the area that needs to be analysed early on in 
the processing chain the first steps are dedicated to the 
creation of three masks relying on a cloud detection 
algorithm  [2], changes in the Normalized difference 
vegetation index (NDVI) and changes in the brightness 
(Fig.1) 

 
Image segmentation and feature extraction 

Based on the spectral information within the post-event 
image and the NDVI changes the image neighbouring 
pixels are grouped into homogenous patches (i.e. 
candidate segments) using a scalable tile-based framework 
for region-merging segmentation [3]. For each segment an 
extensive number of attributes describing the segment’s 
colour, texture, shape and topographic characteristics is 
extracted (Fig.1). The training data provided by the user in 
shapefile format is subsequently used to designate class 
labels (landslide, non-landslide) to a small fraction of all 
segments (typically less than 20%).  
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Fig. 1: Schematic overview of the MPIC processing chain. 
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Case study results  

Fig. 2: Output map depicting the detection likelihood of co-seismic 
landslides triggered by the Kaikoura earthquake. 

The processing chain was tested with two Sentinel-2 
pre- and post-event images to generate an 
inventory of co-seismic landslides triggered during 
the Kaikoura earthquake. The earthquake started on 
14 November 2016 and reached a magnitude (MW) 
of 7.8. The complex rupture mechanism affected 
several faults and induced to lateral surface offsets 
of up to 10 m. Approximately 1200 landslides were 
mapped manually in several subsets of the study 
area which has a total extent of 10,000 sq.km. Four of 
the mapped areas were used for training and the 
remaining nine subsets were used to assess the 
accuracy of the map prediction (Fig. 2). Fig. 3 
depicts the precision-recall curve for the test areas 
indicating precision of 58% (percentage of correct 
detection) and a recall of 56% (percentage of 
landslides detected) for the resulting map. 
Depending on the application these figures can be 
adjusted to favour either a higher precision or a 
higher recall. The overall accuracy of the resulting 
map amounts to 95%.  

Fig. 3: Precision-recall curve. 
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Conclusions and perspectives:  
 

Further improvements of the mapping accuracy are currently being implemented. 
This includes in particular enhanced features (e.g. neighbourhood relationships), 
better sampling schemes to facilitate the collection of more representative samples 
by the user, and the exploitation of pre- and post-event time-series. Further test sites 
target the validation of the algorithm for mapping landslides triggered by rainfalls in 
Ethiopia (S-2 approach) and Haiti (very-high resolution optical images approach). 
The ALADIM algorithm is currently being integrated in the ESA’s GEP and will be 
available to a panel of users by March 2017. It will also be integrated on the A2S 
satellite processing platform of University of Strasbourg. The use of the algorithm in 
the context of the International Disaster Chart is currently being discussed. 
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Created in 1987, CERG is both a 
specialized research centre of the EUR-
OPA Major Hazards Partial Agreement 
of Council of Europe and a non-
governmental international association 
(defined on the basis of the French law 
1901) with active, corresponding and 
honorary  members. 
 
The objectives are to prepare, conduct 
and coordinate research activities, 
training activities, transfer of knowledge 
activities and expert advices on the 
prevention of geomorphological and 
geohydrological hazards and risks, 
especially landslides, gravitational flows 
and floods. 
CERG is promoting scientific and 
technical cooperation among 
European research and training 
organisations, as well as overseas. 
 
CERG is disseminating methodology 
and techniques through advanced 
training courses and guidebooks. 
 


