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Executive Summary
This document provides a report of the work carried out in Task 5.1 Earth Observation. It
presents the technical specifications of the Earth Observation (EO) processing chains to be
implemented and the description of the products to be provided within the HEIMDALL
project.
The EO-based services make use of data of several optical and radar satellite sensors to
provide disaster-related information in the frame of fires, floods, and landslides to support
decision makers and incident commanders during crisis situations, for preparation and in the
aftermath.
The following EO-based processing chains are provided within HEIMDALL:


Sentinel-1, TerraSAR-X and Very High Resolution (VHR) flood processing chains



Sentinel-2 burn scar mapping chain



Moderate Resolution Imaging Spectroradiometer (MODIS)-based hotspot service for
wildfire detection



Sentinel-2 landslide mapping chain



Processing chain for updating landslide activity based on Sentinel-1 interferometric
data.
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1 Introduction
The objectives of the HEIMDALL Earth Observation (EO) services are to provide reliable and
high-quality satellite-based information as input for modelling and risk assessment as well as
for supporting emergency response activities in case of fire, flood, and landslide events.
The EO services integrate satellite products of various optical and radar sensors. The data
are automatically or semi-automatically processed and the final EO-based crisis information
products are provided to the HEIMDALL Service Platform via Web Feature Services (WFS)
or Web Mapping Services (WMS).
The outcome of this document will be used as basis for D5.2 due on M38 of the project which
shall provide a revised and updated set of the technical requirements, a complete description
of the delivered products and the final specifications of the interfaces.
The deliverable is organised in the following manner:






Section 2 introduces the technical requirements of the Earth Observation services
Section 3 describes the role of the module Earth Observation Products within the
HEIMDALL overall architecture
Section 4 describes the functionality of the module Earth Observation Products
Section 5 presents the technical specifications of the Earth Observation processors
and resulting products
Finally, section 6 summarizes and concludes the document.

13/11/2018
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2 Earth Observation Technical Requirements
2.1 Interface Requirements
2.1.1 Hardware Interfaces
The hardware setup utilized by the German Remote Sensing Data Center (DFD) of the
German Aerospace Center (DLR) is part of a distributed server infrastructure (Private Cloud).
It is hosted by DLR and features, in total, 2070 CPU cores and 22.4 TB RAM, as well as one
Petabyte storage.
UNISTRA has an internal server and distributed network that resembles a Private Cloud.
Furthermore, UNISTRA is leading a cloud development through the A2S programme and will
implement its algorithms on this. This cloud is developed in conjunction with and uses
UNISTRA HPC facilities.
CTTC hardware resources are internal to the institute headquarters and include an archive of
a selected set of downloaded Sentinel images monthly updated. Processing makes use of
standard desktop PC and a central server unit.

2.1.2 Software Interfaces
The processing chains used for Sentinel-1 and TerraSAR-X flooded areas extraction,
Sentinel-2 burnt area extraction and MODIS hotspots post-processing are each integrated in
separate virtual machines (with VMware being used as hypervisor technology). All three
productive machines are cloned in order to provide suitable development and testing
instances. The operating system used on all virtual machines is Ubuntu Linux 16.04. The
machines are interconnected by means of a local network.
The software utilized by DLR for the Sentinel-1/2 data is mainly the ESA ‘SNAP’ application,
as well as ‘IDL/ENVI’. Hereby, the former is used for the pre-processing of the input data,
while the actual features extraction (burnt areas / flood masks) is done via ‘IDL’ (the only
commercial component used). In case of Sentinel-2 data, ‘Sen2Core’ is used for additional
pre-processing.
For landslides detection and monitoring, CTTC will use in-house processing chains and tools
developed in C++ and ‘IDL/ENVI’ environment to process the Sentinel-1 data and generate
the velocity and time series of deformation maps and the landslides map.
Regarding the MODIS data, the hotspot post-processing is done using the ‘Python’
programming language. The scripts mainly invoke the ‘GDAL/OGR’ - C/C++ - libraries via the
‘SWIG’-generated Python bindings. The purpose of the post-processing is the
temporal/spatial filtering of the hotspot data and the enrichment with meta information (region
of occurrence etc.).
UNISTRA will firstly implement its algorithms for Sentinel-2 and VHR optical water extraction
and landslide mapping in an ArcGIS software interface that is currently operationally used in
rapid mapping. The same initial software set-up is used for UNISTRA’s burn scar mapping
package that will be used to test DLR-DFD’s automatic burn scar processing chain. Python is
extensively used within these procedures. Otherwise, a dedicated engineer will enable the
implementation of UNISTRA’s algorithms onto the A2S platform.

2.1.3 Communication Interfaces
Regarding Sentinel-1/2 data analysis at DLR-DFD, the respective processing system needs
to contact the Copernicus Open Access Hub and download the required input data (via
HTTP). After the processing steps are completed, the results are transferred to a GeoServer
instance and distributed in the form of WFS or WMS geoservices, as required.
13/11/2018
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The MODIS data is received at DLR-DFD, as is the case for the extraction of hotspots via the
MOS14 algorithm. Therefore, the communication only comprises the data transfer to the
processing machines via intranet. Analogous to the burnt areas, the final hotspot products
are transferred to a machine with a running GeoServer instance for further distribution.
UNISTRA’s processing system, regarding Sentinel-1/2 data, will automatically contact the
Amazon and/or Copernicus Open Access Hub and download the required input data (via
HTTP). Otherwise, for demonstrators using non-Sentinel data UNISTRA will source the data
manually making the imagery available to our in-house processing chains. The derived
products will be transferred internally to a dedicated machine. These sourcing methods are
the same for flood, fire and landslide operations. UNISTRA will distribute its results through
the HEIMDALL platform using its own running GeoServer.
CTTC will download the required Sentinel-1 data from the Copernicus Open Access Hub (via
HTTP) and will make the results available to the HEIMDALL platform via WFS.
The respective GeoServers provides access to its data resources to the HEIMDALL platform
by the use of the standardized OGC/WMS/WFS interfaces.
End users will be informed as soon as new products are published on the HEIMDALL
platform via the HEIMDALL notification service.

2.2 Functional Technical Requirements
2.2.1 Short-Term Features
No short-term features are defined within HEIMDALL concerning EO-tools and products.

2.2.2 Mid-Term Features
Table 2-1: Technical Requirement TR_DataEO_1

Requirement ID:
Related SR(s):

TR_DataEO_1


Sys_DataEO_2

Description:
The module Earth Observation Products shall be able to provide periodical information about
burn scars based on Sentinel-2 and fire hot spots based on MODIS data in vector and raster
format.
Rational: The user can regularly get an overview of the active fires and of the burnt areas.
Stimulus: Processors for burn scar and fire hot spot detection are triggered in case of the
availability of relevant MODIS and Sentinel-2 acquisitions over an area of interest.
Response: The system is able to visualize the burnt scars and active fire hot spots.
Verification Criterion: Available burn scars and hot spots are on the GUI
Notes: none
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Table 2-2: Technical Requirement TR_DataEO_2

Requirement ID:
Related SR(s):

TR_DataEO_2


Sys_DataEO_4

Description:
The module Earth Observation Products shall be able to provide the flood layer produced by
the project partners’ automatic flood extraction systems in vector and raster format.
Rational: The user can get an overview of the flood extent.
Stimulus: A flood layer is derived by a project partners’ automatic flood extraction system and
uploaded onto the HEIMDALL system.
Response: The system is able to visualize the flood extent.
Verification Criterion: Proper displaying of flood layer (full extent, resolution, zoom capacities,
geometry, symbology, attributes…).
Notes: none

Table 2-3: Technical Requirement TR_DataEO_3

Requirement ID:
Related SR(s):

TR_DataEO_3


Sys_DataEO_5

Description:
The module Earth Observation Products shall be able to allow the user to download the
extracted crisis layers (flood masks, burn scars, fire hotspots, landslide-affected areas, etc.)
in vector and raster format and its metadata.
Rational: The user can download and integrate the extracted crisis layers in its own database
and interface.
Stimulus: The module is triggered by the user by downloading the crisis layers.
Response: Download of the crisis layers.
Verification Criterion: Proper download of the crisis layers and metadata (full extent,
resolution, attributes, format).
Notes: none

13/11/2018
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Table 2-4: Technical Requirement TR_DataEO_4

Requirement ID:
Related SR(s):

TR_DataEO_4


Sys_DataEO_5

Description:
The module Earth Observation Products shall be able to provide information on the landslide
extent based on Sentinel-2 data in vector and raster format as well as information about the
movement of landslides based on Sentinel-1 data.
Rational: The user can get an overview of the landslide extent and movement.
Stimulus: Information about the landslide extent and movement is derived by project
partners’ landslide detection and monitoring systems and uploaded onto the HEIMDALL
system.
Response: The system is able to visualize the information about the landslides.
Verification Criterion: Proper displaying of the layers related to information about the
landslides (full extent, resolution, zoom capacities, geometry, symbology, attributes…).
Notes: none

2.2.3 Long-Term Features
No short-term features are defined within HEIMDALL concerning EO-tools and products.

2.3 Other Requirements
2.3.1 Short-Term Requirements
No non-functional short-term requirements have been identified.

2.3.2 Mid-Term Requirements
No non-functional mid-term requirements have been identified.

2.3.3 Long-Term Requirements
No non-functional long-term requirements have been identified.

13/11/2018
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3 Reference Architecture
This sub-section illustrates the HEIMDALL overall architecture highlighting the module Earth
Observation Products addressed in the current technical specification. The module Earth
Observation Products is part of the system inputs to the HEIMDALL Service Platform. Inputs
to this module are various satellite data which are systematically acquired or are tasked ondemand over an area of interest. The satellite data used in HEIMDALL are Synthetic
Aperture Radar (SAR) (TerraSAR-X and Sentinel-1) or optical (MODIS, Sentinel-2, and Very
High Resolution (e.g. Pléiades) data.

Figure 3-1: HEIMDALL architecture

Outputs of the module are several crisis products based on multi-sensorial Earth Observation
data generated in the context of the natural disasters flooding, fires, and landslides. This
includes the following products: flood masks, burn scars, fire hot spots, masks showing the
extent of abrupt landslides as well as information about the velocities of slow-moving
landslide events.
The products will be provided as vector and/or raster files to the Service Platform via Web
Feature Services (WFS) or Web Mapping Services (WMS) and will be derived by the
following semi-automatic and automatic services:


Automatic Sentinel-1 and TerraSAR-X flood processing chains



Automatic Sentinel-2 burn scar mapping chain



Automatic MODIS-based hotspot service for wildfire detection



Automatic Sentinel-2 flood processing chain



VHR optical flood processing chain



Sentinel-2 landslide mapping chain



Processing chain for updating landslide activity based on Sentinel-1 interferometric
data.

13/11/2018

15

HEIMDALL [740689]

D5.1

4 Module Functionality
This section describes the functionalities of the module Earth Observation Products, which
delivers several product outputs to the HEIMDALL Service Platform based on processing
chains.
The following processing chains are used within HEIMDALL to provide crisis information
related to floods, forest fires and landslide events based on Earth Observation data:








Automatic Sentinel-1 [1] and TerraSAR-X [2] flood processing chains
Automatic Sentinel-2 burn scar mapping chain [3]
Automatic MODIS-based hotspot service for wildfire detection [4]
Automatic Sentinel-2 flood processing chain [5, 6]
VHR optical flood processing chain [5, 6]
Sentinel-2 landslide mapping chain [6]
Processing chain for updating landslide activity based on Sentinel-1 interferometric
data.

The processing chains are separated from each other and provide reliable as well as highquality products (flood masks, burn scars, fire hot spots, and information about landslide
extents and landslide activity). These products, derived by these processing chains are
provided by DLR, UNISTRA, and CTTC.
The different processing chains follow the generic structure visualized in Figure 4.1 and are
either automatic or semi-automatic. The processing chains are triggered by the ingestion of
optical or radar Earth Observation data. The data are pre-processed and analysed using
semi-automatic or automatic thematic processors for the derivation of the relevant crisis
information related to floods, forest fires, and landslide events. Auxiliary data sets such as
land cover or topographic information are used for improving the pre-processing and
classification steps. Optional post-processing is performed to improve the initial classification
results. The extracted EO-based products are finally disseminated as WMS or WFS in
GeoTIFF or ESRI Shapefile format to the HEIMDALL Service Platform.
Technical specifications to the respective processing chains are provided in Chapter 5.

Figure 4-1: Generic workflow of the processing chains implemented in the module Earth Observation
Products for the provision of crisis information products related to floods, fires, and landslides

13/11/2018
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5 Technical Specification
Processing Chains

of

the

Earth

Observation

Within this chapter the technical specifications of the Earth Observation-based processing
chains provided within HEIMDALL are described. Table 5-1 gives an overview about the
main characteristics of the respective processing chains, which are specified in more detail in
the following sub-chapters.
Table 5-1: Overview about the main characteristics of the EO-based processing chains
Processing chain

Input

Product

Short description

Format

Dissemination

Sentinel-1
flood
processing chain

Sentinel-1
data

Flood
extent

Flood binary mask
(with permanent water
areas excluded)

GeoTIFF,
ESRI
Shapefile

WMS, WFS

TerraSAR-X flood
processing chain

TerraSAR
-X data

Flood
extent

Flood binary mask
(with permanent water
areas excluded)

GeoTIFF,
ESRI
Shapefile

WMS, WFS

Sentinel-2
flood
processing chain

Sentinel-2
data

Flood
extent

Flood binary mask
(with permanent water
areas excluded)

GeoTIFF,
ESRI
Shapefile

WMS, WFS

VHR optical flood
processing chain

VHR
optical
data

Flood
extent

Flood binary mask
(with permanent water
areas excluded)

GeoTIFF,
ESRI
Shapefile

WMS, WFS

Sentinel-2
burn
scar mapping chain

Sentinel-2
data

Burn scar

Burnt areas
mask (extent)

binary

GeoTIFF,
ESRI
Shapefile

WMS, WFS

MODIS-based
hotspot service for
wildfire detection

MODIS
data

Fire
spots

Thermal
anomaly
locations
enhanced
with meta data

ESRI
Shapefile

WFS

Sentinel-2
landslide mapping
chain

Sentinel-2
data

Landslide
extent

Binary mask of abrupt
landslide
affected
areas

GeoTIFF,
ESRI
Shapefile

WMS, WFS

Sentinel-1
landslide
activity
mapping service

Sentinel-1
data

Information
about
landslides

Velocity
of
slowmoving landslides

ESRI
Shapefile

WFS

hot

5.1 TerraSAR-X and Sentinel-1 Flood Service
5.1.1 SAR-based flood detection
Radar satellite remote sensing has proven to provide essential large-scale information on
flood situations. The near-real time provision of detailed information on inundation extent and
its spatio-temporal evolution is essential for supporting flood relief efforts. Due to the
independence of the microwave signal to weather and illumination, radar based methods are
particularly suitable for a systematic flood monitoring strategy [2].
The detectability of water in SAR imagery is controlled by the contrast between water areas
and the surrounding land, which is highly influenced by surface roughness characteristics,
13/11/2018
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and the system-specific parameters wavelength, incidence angle of the radar beam and
polarization.
Smooth open water areas can be relatively easily detected in the radar data. A flat water
surface acts as a specular reflector which scatters the radar energy away from the sensor.
This causes relatively dark pixels in radar data which contrast with non-water areas. With
decreasing system wavelength the sensitivity of a smooth water surface to diffuse scattering
increases. However, as the number of possible objects on the land that might appear smooth
and have a similar backscatter as water is reduced at longer wavelengths, a higher contrast
ratio between water and the land areas occurs at higher system frequencies. Consequently,
water monitoring using X-band SAR is more suitable than using longer wavelengths e.g. in
the C- and L-band domain [7].
Also the type of polarization plays an important role in detecting open water bodies, which
describes the restriction of electromagnetic waves to a single plane perpendicular to the
direction of propagation of the SAR signal. Polarimetric SAR systems transmit either in a
horizontal (H) or vertical (V) plane, which also can be received horizontally or vertically.
Thus, there can be two possibilities of like- (HH, VV) and cross-polarization (HV, VH).
Generally, HH polarization provides the best discrimination between water and non-water
terrain [e.g. 8]. This is caused by a low scattering of the horizontal component of the signal
from the smooth open water surface [7].
Since the launch of the high-resolution SAR satellite systems TerraSAR-X, RADARSAT-2
and the COSMO-SkyMed constellation, a small number of automatic image processing
algorithms have been developed to derive open flood surfaces from SAR data [9-12]. These
algorithms have in common that they make use of automatic thresholding algorithms for the
initialization of the classification process.
Even if relevant crisis information can be extracted automatically, in most cases a certain
amount of user interaction is needed for data pre-processing, the collection and adaptation of
auxiliary data useful for classification refinement as well as the preparation and
dissemination of the crisis information to end users. Only few operational SAR-based flood
services exist to date: An on-demand TerraSAR-X Flood Service consisting of a fully
automated processing chain geared towards near-real-time flood detection is presented in
[2]. This TerraSAR-X Flood Service has been adapted to the systematic data stream of the
Sentinel-1 mission [1], operated by the European Space Agency (ESA) in the frame of the
European Union’s Copernicus Programme.

5.1.2 TerraSAR-X and Sentinel-1
TerraSAR-X is a German on-demand Earth-observation satellite, operated by DLR under a
so-called Public-Private Partnership (PPP) between DLR and Airbus Defence and Space. Its
primary payload is an X-band radar sensor with a range of different modes of operation,
allowing it to record images with different swath widths, resolutions and polarisations (VV,
VV, VH, HV). TerraSAR-X and its twin TanDEM-X have been launched in 2007 and 2010,
respectively.
Future data takes may be directly ordered by users using several acquisition modes listed in
table 5.2.
Table 5-2:TerraSAR-X acquisition modes [13]
Mode

Coverage Azimuth x Range (km2)

Resolution Class (m)

ScanSAR Wide (SCW)

200 x (194–266)

40

ScanSAR (SC)

150 x 100

18
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StripMap (SM)

50 x 30

3

Spotlight (SL)

10 x 10

1.7 - 3.5

High-Resolution Spotlight (HS)

5 x 10

1.4 - 3.5

300 MHz High-Resolution Spotlight 5 x (5-10)
(HS 300)
Staring Spotlight (ST)

(2.5 – 2.8) x ~ 6

1.1 - 1.8

0.24
range

azimuth,

1.0

Depending on the repeat cycle of TerraSAR-X of 11 days, on the selected acquisition mode
and on the geographic location of the disaster area a revisit time of 1-5 days can be
achieved.
The Sentinel-1 mission is operated by ESA in the frame of the European Union’s Copernicus
Programme and consists of two systematically acquiring satellite sensors, Sentinel-1A
(launched in 2014) and Sentinel-1B (launched in 2016), with a repeat cycle of 6 days for the
final constellation. Sentinel-1A and B are equipped with a C-Band SAR payload (at 5.405
GHz). Over land masses, the interferometric wide swath (IW) mode is used by default,
acquiring SAR data with VV or VV/VH polarization at a spatial resolution of ~20m. The
mission is based on a pre-defined conflict-free observation scenario making optimum use of
the SAR duty cycle with respect to the technical constraints of the system [14]. This is a
major advantage for the implementation of fully automated processing chains as the time
consuming step of tasking satellite data can be omitted.

5.1.3 TerraSAR-X and Sentinel-1 flood processing chain
TerraSAR-X flood processing chain
For the provision of TerraSAR-X based flood masks within HEIMDALL DLR’s on-demand
TerraSAR-X-Flood Service (TFS) developed by [2] will be used, which consists of a fully
automated processing chain geared towards near-real time pixel-based flood detection.
The fully automated processing chain includes the download and pre-processing of
TerraSAR-X data, computation and adaption of global auxiliary data (reference water masks,
digital elevation models, topographic slope information), unsupervised class initialization,
post-classification refinement and dissemination of the flood masks. An overview about the
workflow is presented in Figure 5.1.
For the unsupervised initialization of the flood processor a parametric tile-based thresholding
procedure is applied. This approach was originally developed by [9] to automatically detect
the inundation extent in SAR amplitude data with even small a priori probabilities of the
class-conditional densities of the class flood within the histogram of the entire SAR scene in
a time-efficient manner. This method was enhanced in robustness in [2].
The initialization consists of the following processing steps: image tiling, tile selection and
sub-histogram based thresholding of a small number of tiles of the entire SAR image
selected according to the probability of the tiles to contain a bi-modal mixture distribution of
the classes to be separated (classes flood and non-flood).
The tiling and tile selection is based on statistical hierarchical relations between parent and
child objects in a bi-level quadtree structure of the data. The Kittler and Illingworth minimum
error thresholding approach [15] is used to derive local threshold values using a cost function
which is based on modelling the sub-histograms of each selected tile as bi-modal Gaussian
mixture distributions.
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One global threshold is obtained by computing the arithmetic mean of the local thresholds. A
fuzzy logic-based algorithm is used for post-classifying the initial labelling result derived by
the application of the global threshold to image the SAR data. The fuzzy set is built using the
following four elements: SAR backscatter, digital elevation and slope information as well as
the size of flood surfaces. The fuzzy threshold values of each element are either determined
according to statistical computations or are set empirically. The corresponding fuzzy
elements are combined into one composite fuzzy set by computing the average of the
membership degrees of each pixel. The flood mask is created through a threshold
defuzzification step, which transforms each image element with a membership degree >0.6
into a crisp value, i.e., a discrete label.
To differentiate between flooded areas and standing water bodies, the classification result is
compared to a global reference water mask (SRTM Water Body Data [16] or MOD44W data
[17]).
The final flood and reference water masks and satellite footprints are stored in a database in
raster and vector format, respectively. The processing is based on a framework of Web
Processing Services standard-compliant to the Open Geospatial Consortium (OGC).
Since TerraSAR-X is acquiring data non-systematically, this flood mapping service needs to
be activated on-demand in case of emergency situations by programming dedicated satellite
acquisitions over flood-affected regions. More details on the methodology of the TFS can be
found in [2].

Figure 5-1: Workflow of DLR’s TerraSAR-X Flood Service (TFS) [2]
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Sentinel-1 flood processing chain
The methodology of the TerraSAR-X Flood service was adapted to Sentinel-1 radar data by
[1]. This Sentinel-1 Flood Service (S-1FS) is used in HEIMDALL for systematic flood
monitoring. The workflow of the Sentinel-1-based processing chain, as outlined in Figure 5-2,
is composed of the following main elements: (a) automatic data ingestion through a Pythonbased script, which routinely queries the ESA Sentinel Data Hub for new acquisitions
matching user-defined criteria and downloads them, (b) geometric correction and radiometric
calibration using the graph processing tool (GPT) of the ESA Sentinel-1 toolbox (S1TBX), (c)
initial classification using automatic thresholding, (d) fuzzy-logic-based classification
refinement, (e) final classification including auxiliary data, and (f) dissemination of the results.
The service is targeted towards the processing of Sentinel-1 ground range detected (GRD)
data acquired in IW mode, which are routinely being acquired over several land masses.
Level-1 GRD products consist of focused SAR data that have been detected, multi-looked,
and projected to ground range using an Earth ellipsoid model. In addition to satellite data, the
processor makes use of several auxiliary data sets: Shuttle Radar Topography Mission
(SRTM) 1 arcsecond data are used for the Range Doppler terrain correction and radiometric
calibration of Sentinel-1 data.
The processing chain is activated through a Python-script, which routinely polls the ESA
Sentinel Data Hub for new acquisitions matching user-defined criteria. Using these criteria,
for example, the time frame or geographical location of suitable Sentinel-1 acquisitions can
be specified. Once corresponding scenes are found, these are downloaded to the local file
system and the thematic processor is executed. After unzipping the data, the folder structure
is searched for files relevant for the further processing, namely Sentinel-1 data in GeoTIFFformat and Extensible Markup Language (XML) metadata used for radiometric calibration.
During the pre-processing step, a Range-Doppler terrain correction of Sentinel-1 data and
radiometric calibration to sigma naught (dB) are performed using the GPT of ESA’s S1TBX,
which is embedded in the Sentinel Application Platform (SNAP). For the automatic
classification of the flood extent the automatic tile-based thresholding and fuzzy-logic-based
post-classification refinement step as described in [2] is used.
Besides fuzzy-logic-based classification refinement, the thematic accuracy of the processor
is further enhanced through the integration of the ‘Height above nearest drainage’ (HAND)
index [18], which helps to reduce water-lookalikes depending on the hydrologic–topographic
setting. The HAND index has been calculated near-globally based on elevation and drainage
direction information provided by the Hydrosheds mapping product [19]. Based on the HAND
index, a binary exclusion mask (termed ‘HAND-EM’) has been calculated to separate floodprone from non-flood prone areas. Both binary classes are determined using an appropriate
threshold value. The exclusion mask based on the HAND-index is applied to mask out
potential misclassifications in all areas with a HAND-index value of ≥15 m above the
drainage network.
The processing results are stored as GeoTIFF raster files as well as vector files. An
accumulated product is generated from these results, covering the recent 7 days of each
area of interest. The product is published in the form of a WFS, which can easily be
incorporated via a client (both web-based and locally).
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Figure 5-2: Workflow of DLR’s Sentinel-1 Flood Service (S-1FS) [1, modified]

5.1.4 Products
The products derived by the TerraSAR-X and Sentinel-1 flood processing chains are flood
masks which give an overview of the open water extent of a flood situation at a certain time.
The spatial resolution and coverage of the TerraSAR-X flood masks correspond to the spatial
resolution of the acquisition mode chosen for observing the affected areas: the higher the
spatial resolution the lower is the coverage of the satellite footprint. The highest spatial
resolution is related to the Staring Spotlight mode (resolution: 0.24m, coverage: ~2.5*6 km),
the lowest resolution to the Wide ScanSAR mode (resolution: 40m, coverage: ~200*x 194266 km).
The spatial resolution of the Sentinel-1 flood masks is ~20m corresponding to the spatial
resolution of the Interferometric Wideswath (IW) mode, which is the standard mode of the
Sentinel-1 mission over land surfaces. Binary flood masks as well as masks showing
permanent water surface based on SRTM Water Body Data (SWBD, 30m spatial resolution)
are provided within HEIMDALL in both raster (GeoTIFF) and vector (ESRI Shapefile) format
to the users.
The produced and subsequently accumulated vector flood masks, regarding both Sentinel-1
and TerraSAR-X are then published as a WFS service containing flood polygons.
Below, an example of the server response to a GetCapabilities request is shown .
Request:
http://geoservice.dlr.de/eoc/zki/service/ows?service=WFS&version=1.1.0&requ
est=GetCapabilities
Response:
<FeatureType xmlns:sdkama="http://www.dlr.de/sdkama">
<Name>s1flood:s1flood</Name>
<Title>s1flood</Title>
<Abstract/>
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<ows:Keywords>
<ows:Keyword>features</ows:Keyword>
<ows:Keyword>s1flood</ows:Keyword>
</ows:Keywords>
<DefaultSRS>urn:x-ogc:def:crs:EPSG:4326</DefaultSRS>
<ows:WGS84BoundingBox>
<ows:LowerCorner>3.90819120407104
50.3501968383789</ows:LowerCorner>
<ows:UpperCorner>7.87779664993286
52.2360191345215</ows:UpperCorner>
</ows:WGS84BoundingBox>
</FeatureType>
The flood services contain all recent detections for the areas of interest for the last seven
days. They are updated as soon as new data becomes available. In this case, also a
notification is generated by the system to inform concerned parties about the updated status
using a publish/subscribe mechanism. The WebHooks technology is utilized for
implementing this functionality. This mechanism is used regarding all services published by
DLR in the frame of HEIMDALL.

5.2 VHR optical and Sentinel-2 flood processing chains
5.2.1 Optical data-based flood detection
UNISTRA is endeavouring to establish an automatic water surface extraction procedure in
HEIMDALL that will ingest optical data and output a water layer.
In this context, UNISTRA has embarked on and is working on two different approaches for
flood mapping from optical data. One branch has focused on new methods involving complex
machine learning workflows, which often involves the use of samples, and another using
robust thresholding methods using simple band values and sampling. UNISTRA is working
on automatic sampling methods using world-wide flood databases to enable a fully automatic
processing chain. The main short term aim is to stream-line a workflow and transforming it
into an automatic processing chain, that perhaps provides different results depending on
which algorithm or set of algorithms is chosen.

5.2.1.1

Supervised machine learning techniques

In the search for easily implemented machine learning techniques, as already stated in the
ESA-funded research project ASAPTERRA [6], much of the work to date performed relies on
specific extraction techniques, including pixel-based, region-based and knowledge-based
methods [20-22]. Pixel-based methods are the most common and use spectral information to
classify remote sensing imagery. In complex situations it is sometimes difficult to extract
water bodies on a pixel by pixel basis because the algorithm does not bring the necessary
spatial information to interpret the image [23-24]. Furthermore, in the past few decades,
object-based algorithms have been developed exploiting spatial information in the procedure
but the results are not always very promising. Most of these methods used alone do not
provide reliable accuracy in flood situations. Some studies and work within ASAPTERRA
have found that Support Vector Machines (SVM) and Artificial Neural Networks (ANN)
perform better than traditional methods [22-25]. Work within ASAPTERRA by UNISTRA led
to a preference for SVM due to high accuracy and ease of implementation. Below, SVMs are
briefly described.
Optical data are often affected by clouds, haze and shadows and it is important to take these
into account to reduce misclassification, especially in the case of HR or VHR images.
Furthermore, the detection of water areas also relies on the sensitivity of the sensor and its
spatial resolution. For this reason, it is strongly recommended to choose wisely the data set
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of images on which the work is performed to develop a tool. The aim of UNISTRA is to
extract water and also eliminate non-water features which have similar spectral values. Such
misclassification can be reduced by choosing smartly and precisely an adequate number of
samples for the training of the classifiers.
Support Vector Machines are a powerful machine learning procedure created by [26] and are
useful because of their applicability in a large range of applications [27, 28]. The power of
SVMs relies on the kernel function which can adapt its dimension function compared to the
mapping input [29]. In addition, the kernel can adapt itself into a matrix kernel instead of high
dimensional space if the classes are not separable in the input space.

5.2.1.2

Robust thresholding techniques

The other approach as already stated is to use robust thresholding methods to derive a water
mask. Given the context of rapid mapping it is necessary that the work flow runs quickly,
involving not too much image processing and if possible turning it automatic. This is of
course the same in systematic flood mapping tools except in the case there is less emphasis
on speed of execution.
The work conducted in [6] confirmed the large variation in water surface radiometric
characteristics and, hence, the need to capture this variability in a classification workflow.
Another issue encountered was the need to derive samples to help the various supervised
classification procedures to produce an adequate water mask, of course taking the
radiometric variability of the data into account. Of course, an essential requirement is to
establish the optimal input material to be classified and the classification method itself. The
input material, a combination of simple satellite sensor bands, water oriented indices, plus
exogenous data, will depend to a large extent on the composition of the satellite images
available and exogenous databases that are available.
UNISTRA chose the database to be integrated into its sample selection procedure and has
developed an initial automatic processing chain covering all phases:
 Satellite data access and selection
 Satellite data input
 Sample selection and generation
 Signature creation
 Classification
An automatic Sentinel-2 data reading module that is capable of inputting the satellite images
into the process has been developed. Figure 5-3 describes the status of the water mapping
chain at the start of the automatic sample generation phase. UNISTRA has worked on
automating the procedure, including automatic sampling, the choice of the input imagery
layers (bands, etc.) and the classification method to implement.
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Figure 5-3: Initial status of the optical data-based flood detection workflow previous to the recent
HEIMDALL work

One of the main hurdles is to select and automatically extract samples. Part of this work is to
select an optimal database for selecting samples. Below the database selection procedure is
outlined.

5.2.1.3

Selecting a database for sample selection

Whatever approach is applied, machine learning or simple thresholding, the question of how
to obtain samples to feed into the classification procedure is an essential issue. To
streamline the selection of samples, UNISTRA has extensively analysed water body
databases that could be a major input into this process: within a CNES supported R&T
contract [5] UNISTRA statistically analysed the databases mentioned in Table 5-3. Too many
inconsistencies within the databases were observed between the case study areas and
hence a more qualitative but broader assessment was performed. It must be stated that only
free to use databases are considered with the target of choosing a source that:




is homogeneous,
has worldwide coverage,
is particularly good for sampling (trustworthy over permanent water bodies).
Table 5-3: List of global databases containing water classifications analysed within [5]
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No.

Data base

1

ESA Globcover 2009

2

ESRI v9

3

FROM_GLC
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4

Global 3-second Water Body Map (G3WBM)

5

Global Inland Water

6

Global Lakes and Wetlands Database

7

Global Land Cover Share Database (2013)

8

Glowabo

9

ISCGM (GLCNMO)

10

MODIS Water Mask

11

OSM

12

Pekel 1%

13

Pekel 95%

14

Sheng

15

SWBD

16

USGS Global Land Cover

17

Vmap0

The qualitative classification employs a series of criteria chosen in order to analyse and class
the databases and whether they might be good for selecting samples or validation of floods
(Table 5-4). In this case, only sampling selection is analysed.
Table 5-4: Qualitative criteria used to classify the water databases
Criteria

Description

Detail

1

Reliability / validation

Is the methodology documented and has it been
validated?

2

Age

Since when it has been updated?

3

Genealogy

Depth/richness of database used to derive the final data

4

Update

Update frequency

5

Accuracy

Statistical evaluation of the database of test sites.
Only accuracy level is used for the sampling phase.

6

Resolution

Spatial resolution of the database

A value range between 1 and 3 is given to each criteria and a weighting is calculated as it is
considered that the selected criteria are not all equal, some being more important than
others. The weighting of each criterion is described in Table 5-5. Criteria 5 is treated
differently as the level of accuracy and the level of detection are transposed into the 1-3
interval. With 1 being applied to values below 50%, the remaining values [50%-100%] are
stretched in order to obtain a dynamic of significant values above 50% accuracy between 1
and 3.
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Table 5-5: Value classes and weightings are allocated to each criterion to analyse the databases
Criteria

Weighting

1

2

3

4

5

6

Reliability

Age

Genealogy

Update

Accuracy

Resolution

4

2

1

3

6

5

Points are allocated to each criterion following the criteria outlined in the tables below:
Table 5-6: Classes for criteria 1
Reliability

Points

Validated & documented

3

Documented or validated

2

No information

1

Table 5-7: Classes for criteria 2
Age

Points

> 2010

3

2000 - 2010

2

< 2000

1

Table 5-8: Classes for criteria 3
Genealogy

Points

Global
>=10 years

3

5-10 years

2

<5 years

1

Table 5-9: Classes for criteria 4
Update frequency

Points

Annual

3

1-5 years

2

>5 years

1

Table 5-10: Classes for criteria 5
Accuracy
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Points

Level of accuracy 𝑗

𝑗 ∈ [0; 50] → 1
2
𝑗 ∈ [50; 100] →
× (𝑗 − 50) + 1
50

Level of detection 𝑑

2
×𝑑+1
100
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Table 5-11: Classes for criteria 6
Resolution / Scale

Points

1m - 30m / 1:1 – 1:60 000

3

31m - 90m / 1:60 000 – 1:180 000

2

91m - 1km / 1:180 000 – 1:2 000 000

1

The spatial precision of a database is expressed by a distance and a scale, which are
mathematically related: divide the denominator of the map scale by 1,000 to get the
detectable size in meters. The resolution is one half of this amount, or the equivalent of
0.5 mm on the map [30].
In the following Table 5-12, which is adapted from [5], the 17 databases are evaluated
according to the 6 criteria already described and ranked according to appropriateness in the
task of being applied globally for extracting classification samples. Quite clearly the Global
Surface Water Occurrence database at 95% threshold is the best database for this task.
Table 5-12: Ranking of global, water surface containing, databases with respect to their pertinence in
selecting samples for flood-time water body mapping
Criteria 1

Ranking

Database name

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17

Weighting
Classes
Global Surface Water Occurrence 95%
Global Surface Water Occurrence 1%
Global 3-second Water Body Map (G3WBM)
Global Inland Water
FROM - GLC
SWBD
Sheng
OSM
ESA_Globcover
ISCGM (GLCNMO)
ESRI_v9
Glowabo
MODIS Water Mask
Global Land Cover Share Database (2013)
Vmap0
USGS Global Land Cover Land Use/Land Cover
Global Lakes and Wetlands Database
MAXIMUM VALUE

Producer's
accuracy
4
1-3
3
3
3
3
3
2
1
1
3
2
2
2
2
3
1
1
1
3

Criteria 2

Criteria 3

Criteria 4

Age

Genealogy

Update
frequency

2
1-3
3
3
3
2
2
2
3
2
2
2
1
3
2
3
1
2
1
3

1
1-3
3
3
3
2
3
1
2
3
1
3
1
3
1
1
1
2
1
3

3
1-3
1
1
2
1
2
2
2
3
2
2
3
3
1
1
3
1
1
3

Criteria 5
Level of
accuracy
(Alsace)
6
1-3
3
2.7
2.7
2.8
2
2.8
2.9
2.7
2.1
2.3
1.4
1
2.1
1
1
1
1
3

Criteria 6
Resolution
5
1-3
3
3
2
3
3
3
3
1
1
1
2
1
1
1
1
1
1
3

Result

57.0
55.2
53.2
52.8
52.0
50.8
50.4
41.2
40.6
39.8
38.4
37.0
33.6
33.0
27.0
24.0
21.0
63.0

The selected database, the Global Surface Water Occurrence map, is the result of work by
scientists within the European Commission’s Joint Research Centre and that of Google. It is
a product derived from Landsat satellite imagery, entailing the processing of 3 million
Landsat images acquired over 31 years (1984-2015) in which water surfaces were monitored
with their dynamics and occurrence being mapped over time [31]. Hence, it is highly pertinent
to use this database at a 95% threshold, and hence nearly permanent water, to obtain water
classification samples and derive signatures from optical imagery for a sample based
classification.
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5.2.2 VHR optical satellites and Sentinel-2
Pléiades-HR, SPOT 6/7 and Worldview-2/3 sensors are the most common VHR optical
sensors used in rapid mapping context. Pléiades-HR system has a high revisit capacity
thanks to its twin satellites, whereas Digital Globe has this and WorldView-3 which has a
middle infra-red spectral band, highly useful in water detection.
Pléiades is an optical observation system with a constellation of two optical satellites. It was
designed to offer a high acquisition capability with a revisit lower than 24 hours for both
civilian and military needs. The Pléiades system was designed under the French-Italian
ORFEO program. As prime contractor for the Pléiades system, the CNES (French Space
Agency) contracted with Airbus Defence & Space to build the satellites and with Thales
Alenia Space for the optical instrument. Spot Image is the official and exclusive worldwide
distributor of Pléiades products and services under a delegated public service agreement.
Pléiades-HR 1A was launched in December 2011 and Pléiades-HR 1B in December 2012.
The system acquired data with 4 spectral bands (blue, green, red and near infrared) with a
resolution of 2.8 m in vertical viewing, and with a resolution of 0.7 m in panchromatic mode.
Moreover, the great agility of the satellites allows the acquisition of stereoscopic couples (or
even triplet). The Pléiades also share the same orbital plane as the SPOT 6 and 7, forming a
larger constellation with 4 satellites, 90° apart one from another.
WorldView-3 is a commercial Earth Observation satellite owned by the U.S. company
DigitalGlobe launched on 13 August 2014. WorldView-3 provides 31 cm panchromatic
resolution, 1.24 m multispectral resolution (8-bands), 3.7 m SWIR (Short-Wave Infrared)
resolution, and 30 m CAVIS (Clouds, Aerosols, Vapors, Ice, and Snow) resolution. The
satellite has an average revisit time of less than 1 day and is capable of collecting up to
680,000 km² per day.
SPOT 6/7 are two identical satellites owned by Airbus DS (SPOT-6), a European company,
and by Azerbaijan (SPOT 7), but operated by Airbus DS for rapid mapping purposes. The
data from these satellites are of high relevance for rapid mapping purposes due to their very
high precision (1.5 m) and their very large swath width (60 km). Within rapid mapping they
are often used due to their availability to cover, often fires, and they are definitely an option
for flood mapping.
Sentinel-2 is a European wide-swath, high-resolution, multi-spectral imaging mission. The full
mission specification of the twin satellites flying in the same orbit but phased at 180°, is
designed to give a high revisit frequency of 5 days at the Equator. The twin satellites of
Sentinel-2 will provide continuity of SPOT and Landsat-type image data, contribute to
ongoing multispectral observations and benefit Copernicus services and applications such as
land management, agriculture and forestry, disaster control, humanitarian relief operations,
risk mapping and security concerns. Sentinel-2A (launched in 2015) and Sentinel-2B
(launched in 2017) satellites are equipped with a single multi-spectral instrument (MSI) with
13 spectral bands in the visible / near infrared (VNIR) and short wave infrared spectral range
(SWIR): four bands at 10 meters, six bands at 20 meters and three bands at 60 meters
spatial resolution. The orbital swath width is 290 km. Moreover, Sentinel mission objective is
to provide systematic acquisitions, with a free and open data policy.
VHR and Sentinel-2 data are complementary. Despite its “coarser” resolution, Sentinel-2
data are acquired automatically and do not require specific orders. They cover large areas
and are free to access. These characteristics opened the way to several applications.
Focusing over a chosen area, monitoring is easy to carry out (if the weather is clear of
course). Advantage of VHR data is mostly their spatial resolution which allows bringing a
detailed analysis, especially in landscapes where other sensors bring limited results (in urban
areas for example). But VHR data access is not as easy as for Sentinel-2; acquisitions need
to be ordered.
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5.2.3 VHR optical and Sentinel-2-based flood processing chains
UNISTRA worked on the automatic generation of samples, and therefore signatures, over
the last months. In an initial phase UNISTRA has integrated standard optical satellite bands,
or at least a selection of these, as an input for signature generation and the classification. To
simplify matters, the work uses the Maximum Likelihood classifier. The aim is to have a
simple, operational procedure for the next deliverable D5.2 (Figure 5-4). After the release A
of the HEIMDALL platform, the objective will be to concentrate on optimizing the input to
include water extraction compatible indices and ancillary data such as Digital Elevation
Models (DEM) into the model for the final delivery.

Figure 5-4: Current operational optical data-based flood detection workflow

The automatic water extraction procedure has been named WATEX (Figure 5-5). Currently, it
is not linked up to the automatic Sentinel-2 search and download procedure and is launched
apart. It uses any satellite image you introduce to it. In fact, in its current generic set-up
WATEX works indifferently whether the data are radar or optical. There are specific radar
options, if needed, taking contextual pixel values into account. Its main characteristic is the
automatic generation of water samples to be used in the elaboration of water signatures
which has been used to classify waterbodies. There are the following options:



Possibility of GSW occurrence threshold adjustments;
and the possibility to include contextual radar threshold options.

UNISTRA is now focussing on the integration/calculation of optical data indices to facilitate
water extraction from optical data. Automatically applied slope thresholds and other features
are being envisaged.
A further step for version 2 will by the integration of an automatic image search and
download module which will be automatically followed by the WATEX thematic extraction
procedure.
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Figure 5-5: Deliverable D5.2 water extraction procedure interface: WATEX

5.2.4 Products
The products obtained with the VHR optical and Sentinel-2 flood processing chains are water
masks which give an overview of the visible extent over an area affected by floods at a
certain time.
The spatial resolution and coverage of flood masks depend on the specification of the data
used. With Sentinel-2 acquisitions, the spatial resolution of flood mask is 10 m as VNIR
bands of the product (Figure 5-6). With VHR data, flood masks will be more detailed (Figure
5-7).
The flood mask result is a binary raster layer (0: no water; 1: water). It can be also provided
as vector format (ESRI Shapefile), showing the water extent as a polygon.
The produced VHR and Sentinel-2 flood extent vector products are published as a WMS or
WFS service containing flood polygons. The flood services contain all available detections for
the areas of interest. As soon as a new product is uploaded onto the WMS/WFS, a
notification is sent by email to the concerned parties.
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Figure 5-6: Sentinel-2 water extraction - Rhône, France, January 2018.

Figure 5-7: Pléiades water extraction - Forbes, Australia, September 2016.

5.3 Fire hot spot detection using MODIS
5.3.1 MODIS
MODIS Active Fire Points Processing chain: The MODIS instrument is on board the Terra
(EOS AM-1) and Aqua (EOS PM) satellite platforms as part of the NASA international Earth
Observing System (EOS). Each MODIS sensor provides daily image coverage of almost the
entire surface of the Earth in the mid to high latitudes, producing observations in 36 spectral
bands at moderate spatial resolutions (250, 500, and 1000 m). Daily, the thermal information
is collected with a spatial resolution of 1000 m, twice by each sensor, providing up to four
thermal observations daily.
The MODIS images used for fire detection are acquired from two direct broadcast receiving
stations from DLR located in Oberpfaffenhofen and Neustrelitz, Germany.
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5.3.2 MODIS-based fire hot spot processing chain
The detection of High Temperature Events (HTE) is performed using the MOD14 algorithm.
MOD14 is well documented and tested in operational services and guarantees comparability
and reproducibility as well as a standardized international acknowledged product. HTE
detection is performed using a contextual algorithm that exploits the strong emission of midinfrared radiation from wild land fires (land-use fires, wildfires burning in forests, savannahs,
peat lands and other ecosystems) and other fires or heat sources (e.g., gas flares,
volcanoes, industrial sites). The MODIS active fire algorithm can routinely detect fires of an
average size of 900 m2. Each pixel which is detected as fire pixel or ‘hot spot’ is
characterized by the fire radiative power (FRP). The FRP is the total rate of emission of
radiative energy from the fire and is expected to depend on the rate of combustion of
biomass in the fire. For the processing, the most current version of the NASA algorithm
(v6.0) is used.
The output of the MODIS Fire Service is the location of hot spots in near-real time for Europe
and surrounding countries, including, for every detected fire, information about:
•
•
•

Latitude and longitude
Administrative boundaries
Vegetation and land cover (CLC2000, GLC2000)

A screenshot of DLR’s ZKI MODIS Fire Service is visualized in Figure 5-8.

Figure 5-8: Screenshot of DLR’s ZKI MODIS Fire Service

5.3.3 Products
The detected pixel locations are transferred into a vector file containing the latitude and
longitude information as well as fire radiative power and auxiliary information.
These locations are integrated into a WFS service, containing all detections for the areas of
interest for the seven recent days. They are updated as soon as new data becomes
available. In this case, also a notification is generated by the system to inform concerned
parties about the updated status using a publish/subscribe mechanism. The WebHooks
technology is utilized for implementing this functionality. This mechanism is used regarding
all services published by DLR in the frame of HEIMDALL.
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5.4 Burn scar mapping using Sentinel-2
5.4.1 Optical data-based burn scar detection
In order to estimate the extent of the damage and to model the impact on the climate, as well
as for planning in forestry and fire management, it is essential to have a precise knowledge
regarding the location, the extent, and the frequency of fire incidents [32]. Therefore, the
detection of burn scars is an important tool to monitor the total extent, as active fire-based
approaches are only able to provide information about the current state of the fire event at
the moment of the overflight [3].
In comparison to the spectral properties of the unburned areas before the fire event, burn
scars are characterized by a rise in the visible and short-wave infrared radiation. In contrast,
there is a loss in the near infrared wavelength range. This is due to the fact that the
chlorophyll of healthy vegetation absorbs visible radiation and strongly reflects near infrared
radiation. Short-wave infrared radiation shows a similar behaviour to radiation in the visible
range, but the absorption is mainly caused by the liquid contained in the plants [33, 34].
Numerous methods have already been developed for the detection of burn scars. A
distinction can be made regarding their different approaches in the procedures, the different
classification methods and the different features used in the classification process.
In generally there are two approaches in the procedures: some of the algorithms are based
on one phase, others are using two phases in the classification process, where the first
phase is used to generate seed pixels that are most likely to be burnt. In the second phase, a
refinement of the burned areas is done by investigating the neighbourhood of the seed
pixels.
The methods can also be subdivided according to the classification methods used. Often, the
detection of burnt areas is carried out using threshold-based criteria. A distinction can be
made between procedures with fixed and dynamic threshold values. Other methods are
using logistic regression analyses to generate a model for the identification of burn scars or
spectral unmixing. Furthermore, there are approaches with Maximum Likelihood or Minimum
Distance to Means Methods. Other approaches are using machine learning, e. g. neural
networks or SVMs. In contrast to most pixel-based methods, there are also some objectbased classification methods which first perform a segmentation creating objects and then
examining the properties of these objects in the subsequent classification instead of the
properties of the individual pixels.
Furthermore, one can distinguish between different burn scar detection approaches
regarding the information they use in the classification process. In general there are three
types used: spectral, temporal and contextual information. The observed reflectances as well
as various spectral indices are used as spectral information. Some approaches are using
mono-temporal information whereas others are based on multi-temporal information. Most
approaches use bi-temporal information in the form of spectral differences between the preand post-disaster images. Others use time series information for the identification of the
burned areas. In addition to that, there are approaches using contextual information, such as
the neighbourhood, this especially includes the two-phase methods.

5.4.2 Methodology for Sentinel-2-based burned area detection
For the provision of burn scar masks within HEIMDALL a fully automatic burn scar processor
based on Sentinel-2 data will be developed to enable systematic monitoring. For the
characteristics of the Sentinel-2 sensor see Chapter 5.2.2.
It is planned that the fully automated processing chain includes the download and preprocessing of the Sentinel-2 data, as well as an unsupervised classification. The Sentinel-2
data will be automatically downloaded through a Python-based script, which routinely queries
the ESA Sentinel Data Hub for new acquisitions over the area of interest and downloads
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them. Subsequently, an atmospheric correction will be performed with the S-2 Level-2A
Prototype Processor (Sen2cor) from the freely available ESA Sentinel-2 Toolbox. The
classification will be a two-phase algorithm, whereby the first phase serves to identify seed
pixels which have a high probability to be related to burned areas. In the second phase, a
refinement of the burned areas is accomplished by examining the neighbourhood of the seed
pixels.
The final burn scar masks are stored in raster and vector format, respectively.

5.4.3 Products
The products derived by the Sentinel-2 burned area processing chain will be burned area
masks which will give an overview of the extent of recent burn scars at a certain time with
respect to the pre-disaster situation.
The spatial resolution of the Sentinel-2 burn scar masks will be ~10m corresponding to the
highest resolution of the three Sentinel-2 resolution types (10/20/60m see Chapter 5.2.2).
Binary burn scar masks will be provided within HEIMDALL in both raster (GeoTIFF) and
vector (ESRI Shapefile) format to the users.
These locations are integrated into a WFS service, containing all detections for the areas of
interest of the burned area service for the last seven days. They are updated as soon as new
data becomes available. In this case, also a notification is generated by the system to inform
concerned parties about the updated status using a publish/subscribe mechanism. The
WebHooks technology is utilized for implementing this functionality.

5.5 SAR-based landslide monitoring
5.5.1 Detection of landslides using SAR data
The application of interferometric techniques to SAR data to detect and monitor landslides
dynamics is well consolidated, and the achievement of the extent and the spatio-temporal
evolution of instable slopes has been demonstrated in several papers and projects. In
particular examples of studies related to geohazard and subsidence can be found in [35-37].
Several methodologies and processing tools have been developed (see [38-41]). Mainly
based on the implementation of the Persistent Scatterer Interferometry (PSI) technique [42]
or similar approaches; a review of all the PSI implementations is available for example in in
[43] and [44]. Although, some aspects of the technique are not straightforward, e.g. the
geometric limitation of SAR acquisition, the capability of measuring deformation only in the
line of sight of the satellite, and the spatio-temporal noise, an operational tool is nowadays
available to the user. In addition the characteristics of the Sentinel-1 constellation allow
accomplishing long term monitoring planning, at a regional scale, in any place of the world.

5.5.2 Sentinel-1-based landslide monitoring chain
In Figure 5-9 the flowchart of the methodology developed and applied by CTTC to use
Sentinel-1 SAR images for the landslide detection and monitoring is provided.
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Figure 5-9: Workflow of the developed methodology. The main products of the methodology are
highlighted by the red squares.

The developed methodology can be summarized in three main blocks:





The Processing block which consists in the processing of Sentinel-1 data in order to
obtain the preliminary deformation map.
Post-processing block which consists in the simplification of the preliminary
deformation map, in order to improve both, the reliability and the readability. The
outputs of this block are the final Deformation Activity Map (DAM) and the Active
Deformation Areas (ADA) map.
Geohazard management block which consists in the use of the ADA map together
with other information in order to update the existing knowledge and derive useful
maps for the geohazard management activities. The main output of this block is the
Geohazard Activity Map (GAM) and the Vulnerable Element Activity Map (VEAM)
[45].

5.5.3 Products
Deformation maps and temporal series of selected area/pixels are provided as first product.
The basic spatial resolution of the Sentinel-1 products is ~20m as provided by the
Interferometric Wide swath (IW) mode.
The approach described in 5.5.2 makes also available, as a further product, a map where
novel or active deformation areas are identified, as potential landslides. In order to
periodically assess their activity state and update the existing Landslide Inventory Map, the
output from the post processing activities are compared to the existing data inventory.
The produced maps and database will be available in a specific web portal managed by
CTTC, and accessible to the HEIMDALL concerned partners, through WMS or WFS
standard, to integrate the products in the HEIMDALL platform.

5.6 Landslide mapping using Sentinel-2
5.6.1 Detection of landslides using optical data
Landslides being, as the name suggests, large displacements of material, the use of optical
data for their detection is relevant. Starting with high resolution sensors (Landsat, SPOT1-4),
studies are now performed using satellites with higher spatial, spectral, and temporal
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resolutions [32][32]. The development has been such that satellite and aerial images are now
giving similar results for landslide inventories [33]. Furthermore, a cost-benefit analysis
suggests that stereo satellite photo-interpretation is usually more effective than stereo
airborne photo-interpretation for landslide hazard assessment over large areas [34].
A first method to exploit data would be photo-interpretation. By looking at a post-event image
and comparing it with a pre-event one, the user can detect landslides. While this method is
consistent for shallow, well distinguishable landslides, problems arise when trying to detect
deep-seated ones. Indeed, deep landslides are characterised by a slow moving speed and
are no visible between two temporally close images, like a shallow landslide would be. The
boundary between the stable ground and the falling mass is more transitional and different
factors make it hard to detect, such as colonising vegetation or earth filling [46]. Photointerpretation is time consuming, requires VHR images and a trained eye for a good landslide
mapping and is subject to human error.
Keeping in mind the increasing volume of data to be analysed, methods are developed to
automatically extract landslides envelops. A first category of algorithms consists of pixelbased classifications. These methods consider the spectral information of each pixel
independently of its neighbours. As stated by [47], considering the resolution of EO data and
the typical size and distribution of landslides, pixel-based methods may be prone to error.
Adding the spatial context using an object-based approach allows considering geometric
features such as shape properties or per-object averaged spectral or geomorphologic
properties [48]. The size of aggregations can be different, even variable within the same
method as proposed in [49]. In [50] a region-based active learning algorithm, which belongs
to supervised classification techniques, was performed on multi-temporal very high-resolution
optical images to recognize large scale shallow landslides. Automated processing and the
visual analysis of RapidEye data, combined with field reconnaissance and historical records,
have been exploited to detect and characterise 250 landslides in Southern Kyrgyzstan [51].

5.6.2 Sentinel-2 landslide detection chain
A pixel-based approach has been chosen, even though it is generally less accurate than an
object based chain, as it allows an automatic process and, more importantly, it is
considerably faster. The methodology relies on a basic principle which is the sudden
disappearance of vegetation where a landslide occurs. Change detection between reference
and crisis images highlights this vegetation disappearance. A threshold is applied on the
result on NDVI (Normalized Difference Vegetation Index) difference computation. As the
index used is normalised in theory the threshold should not have to change with a different
set of data, on condition that there is vegetation in the reference image. This is important
because the methodology has been built regarding the reproducibility of the process. An
additional process allows the reduction of false alarms by thresholding slopes using a DEM.
Landslides occur on steep slopes; detected objects on flat terrain can be removed. False
detection provoked by clouds can be removed using the band 10 from Sentinel-2 datasets
(Figure 5-10). The workflow is called SlidEx.
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Figure 5-10: SlidEx automatic landslide detection workflow for Landsat-8/Sentinel-2 data

Figure 5-11 shows the input parameters required for it to function. The algorithm is based on
change detection. Therefore, a pre-event and a post-event image is necessary. Like the
water extraction tool, its use can be generic. Sentinel-2 is not compulsory for the tool to work,
it just requires Red and NIR bands. Changes will be done to allow the user to select the
bands, making the tool more flexible and transparent. The output is a single binary raster
showing extracted landslides.

Figure 5-11: SlidEx: Deliverable 5.2 landslide extraction procedure interface.

5.6.3 Products
The products obtained with the Sentinel-2 landslide processing chain are masks which give
an overview of the visible landslide extent over an area affected at a certain time. The spatial
resolution of the masks is 10m, the same as for Sentinel-2 VNIR bands. The mask extent is
the same as the intersection of the pre and post image extents. The output format is a binary
raster or vector (ESRI Shapefile), showing the landslide extents.
The next series of figures show the results after applying the defined workflow. Three cases
are presented: the Sichuan landslide (24th of June 2017 in Xinmo village, China), the
Freetown landslide (14th of August 2017 in Freetown, Sierra Leone) and the Kumamoto
landslides (16th of April 2016 in Kumamoto, Japan).
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Figure 5-12: S2 reference
image (Sichuan, 19/02/2017)

Figure 5-15: S2 reference image
(Freetown, 01/02/2017)
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Figure 5-13: S2 crisis image
(Sichuan, 07/09/2017)

Figure 5-16: S2 crisis image
(Freetown, 08/11/2017)

Figure 5-14: Landslide detection
by double threshold on pre/post
disaster NDVI difference and
slope

Figure 5-17: Landslide
detection by double threshold
on pre/post disaster NDVI
difference and slope
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image (Kumamoto 03/03/2016)
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Figure 5-19: S2 crisis image
(Kumamoto 10/08/2016)

Figure 5-20: Landslide detection
by double threshold on pre/post
disaster NDVI difference and
slope

As presented in the following illustrations (Figure 5-21, Figure 5-22, Figure 5-23), the tool has
been used during the CNES Charter call over Japan during the torrential rainfall of early July
2018. A large number of landslides occurred in the area of Kure (Japan). By using the
landslide extraction tool, time was saved for crisis information extraction. Operator
intervention was required for adjusting the threshold in NDVI difference and for cleaning the
layer. Making the NDVI difference threshold dynamic, either as an input of the tool by the
user, or by automatic calculation could be an improvement of the actual tool.
This example also illustrates the tool capacity to use different data. The pre event image was
a Sentinel-2 but the post event image used was a Pléiades 1A.

Figure 5-21: S2 reference image (16/06/2018).
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Figure 5-23: Landslide extraction over Kure during early July 2018 rainfall (Pléiades 1-A, ©CNES,
distribution Airbus Defence and Space)

Results are shown at a rather small scale and with the results after visual validation being
classed as satisfying. However, when looking at a broader scale, false detection is important.
Clouds are a critical matter, even after masking using the band 10, many objects remain,
especially at the border between clouds and ground. The cloud mask provided with Sentinel2 bands is based on the 10th band (Figure 5-24). It is more restrictive on clouds than a
custom threshold value on band 10, however it gives direct information and avoids the
calculation of a new threshold for each new image.
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Figure 5-24: False positives caused by clouds

A version 0 of SlidEx, the automatic landslide processing chain, has been developed, some
points have still to be addressed, especially in noise reduction, but first results are
encouraging for the next steps. A version 1 is forecasted to be operational for the HEIMDALL
Demo 2 in early 2019.
An algorithm for cloud detection is presented on the website of the ORFEO ToolBox, the
routine has not been tested yet but shall be tested in the near future.
Also, the use of Sentinel-2 2A atmospherically corrected images, or their equivalent
calculated internally, will be investigated to ascertain whether improvements are significant or
not. Haze reduction could be very useful.
Added to that, thresholding the NDVI difference data more dynamically might also be
interesting to implement. In this sense, a method of adapting the thresholding to surrounding
pertinent pixels will be tested. These will be accreted to the initial result and fill-in holes.
The Sentinel-2 landslide extent vector products are published as a WMS within HEIMDALL.
The landslide services contain all available detections for the areas of interest. As soon as a
new product is uploaded onto the WMS, a notification is sent by e-mail to the concerned
parties.
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6 Conclusions
This document has presented in a the draft specifications of the Earth Observation
processing chains and derived products which will provided to the HEIMDALL Service
Platform. The products provide disaster-related information in the frame of fires, floods, and
landslides to support decision makers and incident commanders during crisis situations, for
preparation and in the aftermath. These products are automatically and semi-automatically
derived based on various optical and radar Earth Observation data sets by the following
processing chains:


Automatic Sentinel-1 and TerraSAR-X flood processing chains



Automatic Sentinel-2 burn scar mapping chain



Automatic MODIS-based hotspot service for wildfire detection



Automatic Sentinel-2 flood processing chain



VHR optical flood processing chain



Sentinel-2 landslide mapping chain



Processing chain for updating landslide activity based on Sentinel-1 interferometric
data

The final technical requirements, a complete description of the delivered products and
processing chains as well as the final specifications of the interfaces will be provided at the
end of the project in D5.2.
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