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Abstract: A two-component fully automated flood monitoring system is described and 

evaluated. This is a result of combining two individual flood services that are currently 

under development at DLR’s (German Aerospace Center) Center for Satellite based  

Crisis Information (ZKI) to rapidly support disaster management activities. A first-phase 

monitoring component of the system systematically detects potential flood events on a 

continental scale using daily-acquired medium spatial resolution optical data from the 

Moderate Resolution Imaging Spectroradiometer (MODIS). A threshold set controls the 

activation of the second-phase crisis component of the system, which derives flood 

information at higher spatial detail using a Synthetic Aperture Radar (SAR) based satellite 

mission (TerraSAR-X). The proposed activation procedure finds use in the identification of 

flood situations in different spatial resolutions and in the time-critical and on demand 

programming of SAR satellite acquisitions at an early stage of an evolving flood situation. 

The automated processing chains of the MODIS (MFS) and the TerraSAR-X Flood Service 

(TFS) include data pre-processing, the computation and adaptation of global auxiliary data, 

thematic classification, and the subsequent dissemination of flood maps using an 

interactive web-client. The system is operationally demonstrated and evaluated via the 

monitoring two recent flood events in Russia 2013 and Albania/Montenegro 2013. 

Keywords: TerraSAR-X; MODIS; flood; disaster; automatic thresholding; fuzzy logic; 

Web GIS; multi-scale monitoring; cloud shadow modeling 
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1. Introduction  

The application of satellite captured earth observation imagery for monitoring and mapping flood 

events has proven useful in numerous crisis situations. High resolution Synthetic Aperture Radar 

(SAR) data from the satellite missions TerraSAR-X, Radarsat-2, and the Cosmo-SkyMed constellation 

(CSK) have been increasingly employed by commercial and non-commercial entities for the derivation 

of detailed and valuable information on inundation extent in flood affected during rapid mapping 

activities. The potential of these data has been demonstrated by several previous investigations to 

support flood emergency situations [1–8]. 

The aforementioned satellite systems do not possess systematic data acquisition capabilities but 

need to be programmed to capture data over a defined Area Of Interest (AOI). Due to this steering 

capability of the satellite, the time span between two consecutive data acquisitions over a defined 

region on the Earth’s surface can be significantly lower than the nominal repetition rate of the satellite 

system. In unfavorable conditions there is a considerable time span between satellite programming and 

acquisition time. This depends on the uplink and downlink situation between ground stations and the 

satellite, the geographic latitude of the AOI and the selected spatial resolution of the data and the swath 

width of the sensor. 

Apart from the described satellite characteristics and considerations that govern communication  

and control, arguably the most critical consideration for rapid mapping activities is that the satellite 

programming should be performed at the earliest possible opportunity. In the context of flood  

events, this may already be when specific observable criteria regarding inundation are reached, with a 

plausible worsening of the situation. 

Data acquisitions are frequently triggered when disaster management authorities request the service 

of rapid mapping entities or mechanisms, such as the International Charter of Space and Major 

Disasters [9]. Unfortunately, in many cases, such satellite-based emergency response mechanisms are 

not activated until a disaster situation has already become severe. This may lead to data acquisitions 

being too late to capture the peak of the flood. In the worst case, the flood has already completely 

receded when the first scene is being recorded. In this context, a system that continuously monitors 

parts of the Earth’s surface could assist to optimize the time-critical, on demand programming of  

high-resolution SAR satellite acquisitions at an early stage of an evolving flood situation. 

Over the last decade, the utility of medium-resolution optical data, such as MODIS for inundation 

mapping and monitoring, has been demonstrated in numerous flood events by the work of the 

Dartmouth Flood Observatory [10]. Building upon this work, NASA’s Goddard’s Office of Applied 

Science proposed an automated global daily flood and surface water mapping service [11], which is 

still in development. As one of the first SAR-based operational services, the Fast Access to Imagery 

for Rapid Exploitation (FAIRE) service, hosted on the European Space Agency’s (ESA) Grid 

Processing on Demand (G-POD) system [12], provides automatic SAR pre-processing and change 

detection capabilities which can be triggered on demand by a user via a web-interface. The FAIRE 

online application is currently being extended with flood mapping capabilities, based on a comparison 

of SAR data acquired during crisis situations with corresponding archive/reference data acquired  

at normal water levels. Recently, Westerhoff et al. [13] presented an automated method to derive 

inundation probabilities from globally acquired Envisat ASAR Wide Swath data. An extension to 
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systematic data acquisitions, via the forthcoming Sentinel-1 mission, is envisaged for the aforementioned 

services. Several studies integrate SAR and optical data for flood mapping in SensorWeb environments, 

e.g., in [14] a SensorWeb to generate real-time flood maps in the Thailand Central Plain is proposed, 

based on Radarsat and MODIS data. In [15], a Namibia SensorWeb flood early warning pilot project is 

described which is mainly based on data of the EO-1, MODIS, and Radarsat satellites. To the 

knowledge of the authors, there exists no system which uses the near real-time classification result of a 

systematically acquiring satellite mission of high temporal frequency to optimize the time-critical on 

demand programming of high resolution SAR satellite acquisitions for detailed flood monitoring. 

In this contribution, a fully automated multi-scale flood monitoring system is presented. The system 

combines two individual fully automated flood mapping services that are currently under development 

at the German Aerospace Center’s (DLR) Center for Satellite based Crisis Information (ZKI). The 

monitoring component of the system systematically derives flood extents on a continental scale using 

an optical medium resolution satellite sensor at a high temporal resolution. Based on these results, a 

high-resolution satellite system is triggered based on an automatic E-mail or SMS alert over flood 

affected areas to derive crisis information in high detail. The monitoring component of this service is 

based on data of the Moderate Resolution Imaging Spectroradiometer (MODIS) on NASA’s Terra 

satellite, and provides information about evolving flood situations, even in large-scale watersheds on a 

national to continental scale (spatial resolution 250 m). Based on a flood alert derived from the 

MODIS processing chain, or other information sources, a fully automated flood service based on 

DLR’s Synthetic Aperture Radar satellite mission TerraSAR-X [16] can be triggered on demand to 

derive higher detail on the flood situation at local to regional scales. 

The fully automated processing chains of the MODIS Flood Service (MFS) and the TerraSAR-X 

flood service (TFS) including the pre-processing of the satellite data, the computation and adaption  

of global auxiliary data (digital elevation models, topographic slope information, and reference  

water masks), unsupervised initialization of the classification, post-classification refinement, and 

dissemination of the crisis information via a web-based user interface are described. The processing 

chains were implemented within a service-oriented architecture, based on the Open Geospatial 

Consortium (OGC) compliant Web Processing Service (WPS). The open source software PyWPS was 

used as the implementing software. A more technical description of the WPS implementation with 

PyWPS is out of the scope of this paper and is given in [17]. 

The operational efficiency of the proposed flood mapping system is described via two recent flood 

event activations in Russia (2013) and Albania/Montenegro (2013). 

2. Methodology 

A detailed workflow of the proposed multi-scale flood monitoring system is given in Figure 1.  

In this chapter the processing chains of the MODIS (Section 2.1) and TerraSAR-X Flood Service 

(Section 2.2) are presented highlighting the pre-processing of the satellite and auxiliary datasets,  

the thematic flood analysis, and the dissemination of the classification results via a web-based  

user interface. 
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Figure 1. The MODIS and TerraSAR-X processing chains of the proposed multi-scale 

flood monitoring system. 

 

2.1. MODIS Flood Service 

2.1.1. Pre-Processing of MODIS and Auxiliary Data 

Direct broadcast MODIS data are received by satellite downlink stations at DLR institutions in 

Oberpfaffenhofen and Neustrelitz, Germany. The spatial extent of the received MODIS data covers the 
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whole of Europe as well as parts of Western Asia and Northern Africa. Six gigabytes of MODIS data 

are received daily, which are converted from raw form (Level 0) to Level 1B data according to the 

NASA pre-processing specifications MOD 01, and archived in the DLR’s Data Information and 

Management System (DIMS). The monitoring component of the flood mapping system directly 

acquires the Level 0 datasets received and independently pre-processes selected bands of the data to 

maintain computational efficiency. Flood masks are calculated based on MODIS bands one through 

four and band six (Table 1). Bands 1 (ρRED) and 2 (ρNIR) have a ground resolution of 250 m while bands 

3 (ρBLUE), 4 (ρGREEN), and 6 (ρSWIR) have a ground resolution of 500 m. 

Table 1. Moderate Resolution Imaging Spectroradiometer (MODIS) bands [18] (1–4, 6) 

used in the flood detection system. 

Band Bandwidth (nm) Resolution (m) Primary Use 

1 (ρRED) 620–670 250 Absolute Land Cover Transformation, Chlorophyll 

2 (ρNIR) 841–876 250 Cloud Amount, Vegetation Land Cover Transformation 

3 (ρBLUE) 459–479 500 Soil/Vegetation Differences 

4 (ρGREEN) 545–565 500 Green Vegetation 

6 (ρSWIR) 1628–1652 500 Snow/Cloud Differences 

Level 1A (MOD 01), Level 1B (MOD 02), and Geolocation Datasets (MOD 03) 

During the first pre-processing steps the Level 1A Radiance Counts (MOD 01), the Geolocation 

dataset (MOD 03), and finally the Level 1B Calibrated Geolocated Radiances (MOD 02) are 

calculated. The Level 1A Radiance contains counts for the 36 MODIS channels, along with raw 

instrument engineering and spacecraft ancillary data. The data are used as input for geolocation, 

calibration, and processing. The Level 1B calibrated Geolocation dataset consists of the calibrated and 

geolocated at-aperture radiances (W/(m2 µm sr)) for 36 bands generated from MODIS Level 1A sensor 

counts (Figure 2a). The Geolocation dataset contains geodetic coordinates, ground elevation, solar and 

satellite zenith and azimuth angles for each MODIS 1 km sample. These data are provided as a 

companion dataset to the Level 1B calibrated radiances and the Level 2 datasets to enable further 

processing [18]. The processing for these three products occurs within the SeaWiFS Data Analysis 

System [19] and includes the product levels MOD 01–03. 

MODIS Level 2 Corrected Reflectance Product 

During this pre-processing step MODIS Level 2 corrected reflectances are calculated from the 

MODIS Level 1B calibrated radiances (see Figure 2b). The processing is performed by the MODIS 

Corrected Reflectance Science Processing Algorithm (CREFL_SPA), provided by the NASA Direct 

Readout Laboratory (DRL). CREFL_SPA creates a MODIS Level 2 Corrected Reflectance product.  

A simple atmospheric correction of MODIS visible, near infrared, and short-wave infrared bands 

(Bands 1–16) is used. It requires no real-time input of ancillary data. The Corrected Reflectance 

products are comparable to the MODIS Land Surface Reflectance product (MOD 09) in clear 

atmospheric conditions [20]. 
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Figure 2. Example of (a) the corrected radiances in the range of 0 to 65,535 and (b) the 

projected corrected reflectances in the range from 0 to 10,000 from MODIS Bands 1–3  

and 6. Extent: (UL) 63°01'10.0''N, 31°26'15.0''E; (LR) 30°26'48.0''N, 50°58'50.0''E. 

 
(a) 

 
(b) 

Projection 

The swath dimensions of MODIS data are 2,330 km (across track) by 10 km (along track at nadir), 

giving it the capability to cover the entire globe every one to two days. In contrast to other 

scanning sensors, MODIS observes, within one scan, ten lines of 1 km spatial resolution (40 lines of 

250 m resolution and 20 lines of 500 m resolution, respectively). The projection of the swath to grid 

data is accomplished by using the MODIS Swath Reprojection Tool (MRTSwath). MRTSwath 

provides the capability to transform MODIS Level 1B and Level 2 data from swath format to a 

uniformly gridded image that is geographically referenced according to user-specified projection and 

resampling parameters [21]. 
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Post-Processing with GDAL 

The three result datasets (reflectances of the 250 m and 500 m resolution bands and the geolocation 

file) are post-processed with the GDAL software. This process encompasses the stacking of the layers, 

assigning “nodata” values, and the calculation of the layer statistics. 

Auxiliary Datasets 

In order to enable the distinction between persistent water bodies and flooded areas, the Global 

Raster Water Mask (MOD44W) [22], with a 250 m spatial resolution, is used. As the MOD44W 

product was generated using MODIS data from 2000 to 2007, it is temporally static and therefore does 

not provide an indication of normal seasonal water fluctuations [23]. As the proposed pre-operational 

service focuses mainly on Europe, seasonal influences are comparably low. The ASTER Global 

Digital Elevation Model Version 2 (GDEM V2) [24], with a spatial resolution of one arc second, is 

employed to refine the flood mask. Slope information s(x,y) in degrees for each pixel (x,y) are computed 

(local steepness of terrain) according to 

(௫,௬)ݏ = ݊ܽݐܿݎܽ ቌඨ൬∆ݔ(௫,௬)݊ ∙ ௫ݎ ൰ଶ + ඨቆ∆ݕ(௫,௬)݊ ∙ ௬ݎ ቇଶቍ ∙ ߨ180  (1)

where Δݔ and Δݕ are the result of a standard Sobel edge filter [25] applied on the DEM taking into 

account n = 8 pixel values (resulting from a 3 × 3 kernel). ݕݎ ,ݔݎ denotes the pixel resolution of the 

DEM in the ݔ and ݕ directions. The auxiliary datasets are resampled and clipped with respect to the 

pixel size, extent and location of each MODIS scene. 

2.1.2. Thematic Analysis 

The thematic analysis comprises the classification of the MODIS data into six output classes, 

namely “Flood”, “Non-flood”, “Receding Water”, “Standing Water”, “Mixture”, and “Clouds”  

(Figure 3). The classification process is separated into the following processing steps: 

• Computing of spectral indices 

• Initial thresholding of the spectral bands and indices 

• Post-processing including the integration of auxiliary data 

• Region growing 

• Improved separation between water and cloud shadows 

Computing of Spectral Indices 

The spectral indices EVI (Enhanced Vegetation Index), LSWI (Land Surface Water Index) and 

DVEL (Difference value between EVI and LSWI) are computed from MODIS spectral Bands 1–3  

and 6. These indices have been successfully applied for water detection based on MODIS data in 

several studies [26–28]: ܫܸܧ = ܩ × ேூோߩ − ேூோߩோா஽ߩ + ଵܥ × ோா஽ߩ − ଶܥ × ஻௅௎ாߩ + (2) ܮ
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ܫܹܵܮ = ேூோߩ − ேூோߩௌௐூோߩ + ܮܧܸܦௌௐூோ (3)ߩ = ܫܸܧ − (4) ܫܹܵܮ

G is a given gain factor, L is a canopy background adjustment factor, C1 and C2 are coefficients of the 

aerosol resistance term, which uses ρBLUE to correct for aerosol influences in ρRED. The values of the 

parameters in the computation of the EVI are defined as G = 2.5, L = 1, C1 = 6, C2 = 7.5  

according to [29,30]. 

Initial Thresholding of the Spectral Bands and Indices 

A preliminary threshold based classification is performed built on an approach originally developed 

by Sakamoto et al. [26] and revised by Islam et al. [27], who propose a decision tree procedure to 

assign each image element to the temporary class “Water-related” and the output classes “Non-flood”, 

“Flood”, and “Mixture”. The thresholding can be summarized as follows (Figure 3): 

• Determination of cloud-cover areas based on a threshold of ≥0.27 from the blue reflectance band. 

The cloud positions are subsequently used for a geometry-based detection of cloud shadows. 

• Classification of non-flooded areas by using an EVI >0.3. 

• Initial identification of water-related pixels based on the derived indices using two criteria, 

which combine the EVI (≤0.3) and the DVEL (≤0.05), as well as the EVI (≤0.05) and the LSWI 

(≤0.0) respectively. 

• Separation of water-related areas into flood surfaces (EVI ≤ 0.1) and mixed pixels (0.1 < EVI ≤ 0.3). 

A mixed pixel denotes a pixel that contains more than one thematic land-cover element of 

interest, which is a common phenomenon in moderate resolution MODIS data. 

The following post-processing steps are integrated into the classification process to improve the 

accuracy of the initial classification result derived by the approach described in [26,27]. 

Post-Processing Including the Integration of Auxiliary Data 

Information derived from the ASTER GDEM V2 is employed to reduce the number of 

misclassified water-related pixels in areas where the plausibility for a flood occurrence is low due to 

topographic considerations. Areas of steep incline (>10°), or significant height (>2,000 m and a slope 

of >8.0°), are removed from the flood mask. 

Region Growing 

Two region growing steps are applied for a refinement of the classification accuracy by relaxing the 

thresholds in the neighborhood of the initial flood classification result. In the first region growing step 

image elements of the classes “Flood” or “Mixture” are used as seeds. Neighboring image elements  

of the class “Non-flood” are assigned to the class “Water-related” by using the following criteria:  

EVI ≤ 0.31 and DVEL ≤ 0.07 or EVI ≤ 0.06 and LSWI ≤ 0.1. The grown area is subsequently 

separated into the classes “Mixed” (0.1 < EVI ≤ 0.3) and “Flood” (EVI ≤ 0.1). The second region 

growing step is used to increase the spatial homogeneity of flooded areas by dilating preliminary 
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extracted flood surfaces and assigning pixels of the class “Mixture” with a LSWI ≤ 0.08 to the class 

“Flood”. Flood pixels with neighboring mixed pixels are used as seeds. 

Figure 3. Flowchart of the thematic MODIS flood processor. 
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Improved Separation between Water and Cloud Shadows 

Cloud shadows are a major problem when monitoring water surfaces using optical remote sensing 

data, especially in coarse/moderate resolution satellite data. As cloud shadows and water have similar 

spectral properties, the classification by means of spectral information alone could lead to a significant 

overestimation of water surfaces near clouded areas. An overview of methods that improve the 

classification in optical satellite data by detecting cloud shadows can be found in [31,32]. We 

implemented an approach for separating water and cloud shadows by combining geometrical, spectral, 

as well as temporal information. 

In a first step, a geometry-based technique described in [33] is employed to estimate the position of 

cloud shadows based on 2D-location (ximg, yimg) and height (top and bottom) above the surface hc of the 

cloud, the solar and viewing zenith angles, θs and θv, respectively, and the solar and viewing azimuth 

angles, ߔ௦ and ߔ௩, respectively. Assuming a cloud pixel position (ximg, yimg), the projection of the cloud 

on the earth surface is defined by (xnadir, ynadir): ݔ௡௔ௗ௜௥ = ௜௠௚ݔ + ℎ௖ߠ݊ܽݐ௩ߔ)݊݅ݏ௩ + ௡௔ௗ௜௥ݕ(5) (ߛ = ௜௠௚ݕ + ℎ௖ߠ݊ܽݐ௩ܿߔ)ݏ݋௩ + (6) (ߛ

The projection of the cloud shadow on the ground is then determined by (xshadow, yshadow): ݔ௦௛௔ௗ௢௪ = ௡௔ௗ௜௥ݔ − ℎ௖ߠ݊ܽݐ௦ߔ)݊݅ݏ௦ + ௦௛௔ௗ௢௪ݕ(7) (ߛ = ௡௔ௗ௜௥ݕ − ℎ௖ߠ݊ܽݐ௦ܿߔ)ݏ݋௦ + (8) (ߛ

where γ is the azimuth angle of the true North from the y axis. The solar and sensor zenith and azimuth 

angles are captured along with the MODIS data at a 1 km spatial resolution. Equations (7) and (8) 

approximate a flat surface. A more complex formulation considering the Earth curvature can be found 

in [32]. For a detailed identification of the cloud shadow positions the availability of information on 

the cloud top and bottom height is necessary [34]. To be independent from the availability of external 

data sources during rapid flood mapping activities, simplified assumptions for cloud heights  

are made [31,33,35]. 

The elevation of clouds may vary considerably depending on the cloud type and also the geographic 

latitude. The maximal cloud top height decreases with increasing latitude from a mean height of the 

tropopause from 16 km in tropical regions to 8 km in polar regions [35]. Similar to [31], the upper 

limit of cloud top height is divided into three classes according to the geographical latitude. For lower 

latitudes between 30°N–30°S the maximum cloud altitude is set to 16 km, for the mid-latitude between 

30°N/S–60°N/S and in the high-latitude between 60°N/S and 90°N/S to 12 km and 8 km, respectively. 

The cloud bottom height is assumed to be 0 km. Therefore, only the inner and outer border (with a two 

pixel margin) of the cloud is projected on the ground as shadow. This significantly reduces the 

computational effort of the algorithm as the extent of the cloud shadow can be estimated by linearly 

interpolating between the border of the cloud and the border of the projected cloud-shadow. 

Due to these simplifying assumptions, the simulated cloud shadow is usually larger in extent than 

the real cloud shadow. After the cloud shadow computation all pixels classified as flood outside  

the cloud shadow mask are assigned to the flood class with a high probability. Pixels covered by the 
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cloud shadow mask are characterized by a lower probability to belong the class “Flood”. These image 

elements are assigned to the temporary class “Flood in Cloud Shadow” (FCS) (Figure 3). Further 

criteria, based on temporal and spectral information, are used to identify flooded regions within the 

simulated cloud shadows. If a pixel of the class “FCS” is labeled as flooded in the preceding MODIS 

classification result, at T-1 with a time distance of <36 h to the acquisition time of the most current 

MODIS scene at T0, it is assumed to belong to the class “Flood”. If the pixel is labeled as “Cloud” at 

T-1, further classification results of T-x of the last 36 h are iteratively integrated into the test. Only 

these pixels of the class “FCS” are assigned to flood elements, which fulfill the following spectral 

criterion [31]: NDVI (ratio between the difference and sum of spectral bands ρNIR and ρRED ≤ −0.15 and 

a ratio of ρNIR/ρRED ≤ 0.75). 

In a final step, the separation between flooded regions and standing water areas is performed using 

the Global Raster Water Mask (MOD44W) at 250 m spatial resolution [22]. 

2.1.3. Dissemination of Classification Results 

The whole processing chain from the MODIS Level 0 file to the flood mask is implemented with  

an OGC compliant WPS framework (PyWPS). The processing results are stored within a PostGIS 

raster database for further analysis. Every output class (“Flood”, “Non-flood”, “Receding Water”, 

“Standing Water”, “Mixture”, and “Clouds”) is automatically deployed as a single web mapping 

service (WMS) layer set, which is available for 14 days, within the DLR/ZKI MODIS flood 

application (Figure 4). 

Figure 4. Example of the web application with MODIS Terra scenes over Europe on  

27 August 2013. Extent: (UL) 66°10'05.0''N, 14°48'31.0''W; (LR) 37°35'29.0''S, 

112°04'58.0''E. The enlarged section shows the alert service with a defined area and the 

available alert settings (immediate per subscription, immediate per overpass, or daily) and 

types of notifications (E-mail and/or SMS). Extent: (UL) 42°35'01.0''N, 18°33'05.0''E; 

(LR) 41°10'55.0''N, 21°08'36.0''E. 
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This client is designed for monitoring and viewing the daily results of the MODIS flood processing. 

A further, and even more important, use case is to receive alerts for user-defined regions or areas of 

interest. For this purpose a new mobile client is under development, which allows users to select the 

frequency and method (E-mail, SMS) of information delivery. 

The DLR/ZKI is using the described MODIS monitoring service to automatically trigger the 

TerraSAR-X Flood Service, which derives more detailed information on flood situations at a much 

finer scale. 

2.2. TerraSAR-X Flood Service 

Recently several automatic image processing algorithms to derive flooding from SAR data have 

been proposed [2,5,6,8,36]. Even if the crisis information can be extracted automatically, 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. Martinis et al. [16] proposed a fully automated processing chain for near  

real-time flood detection using high-resolution TerraSAR-X data. The processing chain includes SAR 

data acquisition, data pre-processing, computing and adapting global auxiliary data, unsupervised 

initialization of the classification, as well as post-classification refinement by using a fuzzy logic-based 

algorithm and finally the dissemination of the derived crisis information via a web-based user 

interface. An outline of these processing steps is given below. 

2.2.1. Pre-Processing of TerraSAR-X and Auxiliary Data 

The processing chain, starting with downloading and unzipping the enhanced ellipsoid corrected 

(EEC) amplitude imagery of different acquisition modes (SpotLight, StripMap, ScanSAR) is triggered 

automatically when a new TerraSAR-X scene is detected on the delivery ftp-server. The imagery  

and the optional Geocoded Incidence Angle Mask (GIM) are re-projected to WGS84 geographical 

coordinates (lat/lon) in order to ensure equivalent coordinate systems for all used data products. The 

GIM is an ancillary dataset, which can be optionally ordered with the EEC product. It provides 

information about the local incidence angle θ(x,y) for pixel of the geocoded SAR scene and about  

the presence of shadow and layover areas [37]. The SRTM water body mask (SWBD) [38] for all 

regions between 54°S and 60°N, with a resolution of 30 m, as well as the Global Raster Water Mask 

(MOD44W) at 250 m spatial resolution for all areas which are not covered by SWBD, are used as a 

reference water mask for the distinction between permanent water bodies and flooded areas. These 

datasets are extracted and resampled using nearest neighbor resampling for each SAR scene. The 

ASTER GDEM V2 is incorporated for the refinement of the flood mask and is also used for the 

optional computation of a GIM [16]. 

A rigorous radiometric calibration of the digital numbers DN of the SAR amplitude data to 

normalized radar cross section σ0 (dB) using the GIM is done according to [37]: ߪௗ௕଴ = 10 ∙ ଵ଴(݇௦݃݋݈ ∙ (ଶ|ܰܦ| + 10 ∙ ൯ (9)(௫,௬)ߠ݊݅ݏଵ଴൫݃݋݈
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where ks is a calibration factor. σ0 is rescaled to a range of (0,400) in order to yield positive values. 

Finally, a median filter of kernel size 3 × 3 is applied on the rescaled pixel values for the purpose of 

speckle reduction and pulse or spike noise removal. 

2.2.2. Thematic Analysis 

Automatic Tile-Based Thresholding 

The fully automated TerraSAR-X flood processor is designed to derive individual scene dependent 

threshold values for global data acquired with different sensor configurations (i.e., polarization, beam 

mode, and incidence angle). For this purpose, a parametric tile-based thresholding, proposed in [2], is 

modified for more robustness and adapted for SAR data, radiometrically calibrated to σ0 (dB) [16]. The 

method identifies n image tiles, which are likely to represent a bimodal distribution of the classes to be 

separated (i.e., water and land surface). The Kittler and Illingworth thresholding approach [39] is used to 

derive local threshold values τn using a cost function, which is based on modeling the sub-histograms of 

each tile as bi-modal Gaussian mixture distributions. A global threshold, τg, is obtained computing the 

arithmetic mean of the local thresholds. If the derived global threshold exceeds a certain value 

(e.g., −10 dB) it is assumed that either no water areas exist in the covered region; or the water extent 

is very small; or water bodies do not appear as dark backscatter regions. This could be due to  

wind-induced roughening of the water surface or protruding vegetation leading to volume or double 

bounce scattering of the radar signal. In this case, the threshold τg is approximated using an empirically 

derived linear function depending on the center incidence angle of the SAR scene [16]. 

Post-Classification 

The initial labeling derived by applying the threshold τg to the image is further enhanced using a fuzzy 

logic-based post-classification algorithm. The fuzzy set incorporates SAR backscatter, digital elevation, 

and slope information, as well as the size of water bodies. The shape of the four membership functions 

(standard Z and S membership functions) is either determined according to statistical computations or is 

defined based on empirical studies. The fuzzy thresholds for each function are individually computed for 

each image element. The corresponding fuzzy elements are combined into one composite fuzzy set by 

computing the average of the membership degrees of each pixel. The membership degree of the composite 

fuzzy set is assigned by a membership degree of zero in the event that a single fuzzy element has a 

membership degree of zero. The flood mask is created in a threshold defuzzification step, which assigns 

each image element with a membership degree > 0.5 to the class “Flood”. 

A subsequent region growing step is performed in order to integrate the transient shallow water 

zone between open flood water surfaces and non-flooded areas. The water bodies extracted by using 

the defuzzified classification result are used as seeds for dilating the water regions. The water areas are 

progressively enlarged until a fuzzy logic based tolerance criterion is reached, where only image 

elements located in the neighbourhood of the flood areas are iteratively scanned. 

Finally, the GIM is integrated into the classification process to remove areas incorrectly classified 

as “flood” due to radar layover and shadowing effects. To differentiate between flooded, standing, and 

receding water bodies, the classification result is compared to a global reference water mask. 
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2.2.3. Dissemination of Classification Results 

The TerraSAR-X processing chain, starting with the download of the TerraSAR-X amplitude 

imagery and ending with the derivation of the flood mask, is similar to the MODIS processing chain 

implemented in the WPS framework. The processing results are stored within a PostGIS Raster 

database for further analysis. The output classes (“Flood”, “Non-flood”, “Receding Water”, and 

“Standing Water”) are archived as single WMS layers which are interactively accessible via a Web 

application. The web application is similar to the one illustrated in Figure 4. 

3. Experimental Results 

3.1. Study Area and Dataset 

In this section the multi-scale flood monitoring system based on MODIS and TerraSAR-X data is 

demonstrated for two recent (2013) flood scenarios in Russia and Albania/Montenegro. For both test 

cases the acquisition times of MODIS and TerraSAR-X data as well as the triggering times of the 

TerraSAR-X flood processing chain based on the classification result of the MODIS Flood Service are 

visualized in Figure 5. 

Figure 5. Overview about the times of satellite data acquisitions, flood alerts, and 

TerraSAR-X ordering for the study areas in Russia and Albania/Montenegro. 

 

The first test area is situated within Oblast Rjasan, Russia, ~200 km South-East of Moscow. On  

7 May 2013 (08:29 UTC) a large-scale flood event around the River Oka was automatically detected  

in MODIS Terra data by the MODIS flood mapping service. Based on the generated classification  

results, the TerraSAR-X flood mapping service was triggered. On demand programming resulted in the 

acquisition of a TerraSAR-X ScanSAR HH polarized scene, five hours after the acquisition of  

the MODIS scene. The next possible TerraSAR-X acquisition was on 9 May 2013 (14:52 UTC), 
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approximately two days after triggering the TerraSAR-X Flood Service. A high-resolution flood mask 

with a spatial resolution of 8.25 m was derived using the automatic processing chain. 

The second study area is located in Albania and Montenegro near Lake Scutari. Inundated regions 

were identified by the MODIS flood processor in the district of Shkoder/Albania and in the northern 

part of Lake Scutari/Montenegro on 16 March 2013 (08:54 UTC). Based on the flood alert the 

TerraSAR-X processor was triggered and a ScanSAR HH polarized scene with 8.25 m spatial 

resolution was ordered (acquisition time: 20 March 2013; 16:32 UTC). 

In both scenarios, the MODIS flood mapping service was successful in identifying an evolving 

flood situation on a large-scale with a medium resolution of 250 m. The MODIS classification output 

was successfully used for on demand triggering the fully automated TerraSAR-X flood mapping 

service, which derived high-resolution information on inundation extent of the target areas. 

For both test scenarios, high-resolution SAR data would not have been acquired without the 

identification of the flooding using the MODIS Flood Service. 

3.2. Results and Discussion 

In this section the classification results of the MODIS and TerraSAR-X Flood Service are 

quantitatively compared based on two study areas, depicted in Figures 6 and 7. The evaluation is  

based on the comparison of SAR scenes with the respective closest available MODIS classification 

results, which are derived from acquisitions on 9 May 2013 (08:18 UTC) for the test area in Russia 

(~6.5 h before the SAR acquisition) and on 20 March 2013 (10:09 UTC) for the test area in 

Albania/Montenegro (~6.5 h before the SAR acquisition). Due to the relatively small time-offset of 

only 6.5 h between SAR and optical data acquisitions, stable flood conditions are assumed for both  

test scenarios. 

The MODIS scenes are resampled and clipped to the pixel spacing and extent of the respective 

TerraSAR-X scenes. Image elements of the class “Flood” covered by clouds in the MODIS data are 

removed from the TerraSAR-X flood masks. Each pixel of the SAR imagery is checked against the 

classification result of the MODIS data and labeled into three classes according to the following 

criteria: flood detected by TerraSAR-X and MODIS, flood detected only in TerraSAR-X data and 

flood detected only in MODIS data (Figures 6 and 7). According to quantitative analysis of the 

TerraSAR-X flood processor in different test sites the overall accuracy of the final flood mask is 

specified between ~87.5% and ~91.6% in [16]. These values can be used as reference for cross-

comparison of the MODIS and TerraSAR-X classification results. 

Approximately 47% of the pixels detected as “Flood” in the Russian test area using the SAR data 

are labeled similarly with the MODIS data. In contrast ~19% are detected as inundated based on the 

SAR data and ~34% based on the MODIS data. Visually, the flooding within the AOI in Russia is well 

detected from both sensors and mainly occurs in the neighborhood of River Oka. As can be seen in 

Figure 6, data from the TerraSAR-X mission can be used to detect even fine details of open flood areas 

at a local to regional scale due to the high spatial resolution of this radar sensor. In contrast, the 

relatively coarse resolution of MODIS results in an overestimation of the flood extent within the core 

of the flood plain. Small water surfaces or flood areas located at the land/water boundary are only 
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partly detected. These image elements are mainly classified as “mixed pixels” due to mixed reflectance 

values of the class “Water-related” and non-water or flooded vegetation areas. 

Figure 6. Comparison of MODIS Terra and TerraSAR-X classification results (Russia 

floods, 2013. Extent: (UL) 55°09'04.8''N, 39°12'55.9''E; (LR) 54°11'33.6''N, 41°18'23.5''E). 

 

Figure 8a illustrates a scatter plot generated by comparing the MODIS and TerraSAR-X floodmasks 

on a 2 km grid. The high coefficient of determination (R2 = 0.91) indicates a close agreement between 

both classification results. The positive deviation of the regression line from the ideal trend line, where 

y = x is an indicator that more pixels are detected as flooded in MODIS than in the TerraSAR-X  

data (Figure 8a). 

Within the test area in Albania/Montenegro the agreement between MODIS and TerraSAR-X is 

much lower with a value of only 26.7%. The number of image elements assigned to the class “Flood” 

based on the data of only one single sensor is much higher. Approximately 36% of the flood extent is 

detected by TerraSAR-X while 37.6% is detected using the MODIS data. In addition, the correlation of 

the flood masks between the MODIS and TerraSAR-X derived results on a 2 km grid is much lower 

with a value of R2 = 0.56 (Figure 8b). 

The large differences in classification results between the two areas are explained as follows: 



Remote Sens. 2013, 5 5614 

 

 

• The flood extent is much smaller for the AOI in Albania/Montenegro. Therefore, MODIS data 

could only be used for a rough estimation of the actual flood extent. The MODIS derived flood 

mask is considerably underestimated since mixed areas are very prevalent. In contrast it is 

possible to derive detailed information about the flooding and to map even small tributaries with 

an extent lower the spatial resolution of the MODIS images using TerraSAR-X. Therefore, the 

number of flood pixels identified by TerraSAR-X data only is nearly 17% higher compared to 

the test site in Russia. 

• In comparison to the test area in Russia the cloud coverage at the time of the MODIS acquisition 

is much higher. Cloud shadows are partly located over flood-affected areas. This leads to an 

underestimation of the MODIS-derived flood extent due to the reduced spectral separability of 

water surfaces and cloud shadow areas. 

• In the northern part of Lake Scutari in Montenegro, the flooding is extensively covered with 

vegetation. The X-band SAR signal is very sensitive to flooded vegetation in this region due to 

the double bounce effect between the water surface and the lower parts of the vegetation. This 

results in a very high signal return and consequently an underestimation of the flood extent. In 

contrast the MODIS flood processor is less sensitive to protruding vegetation and is able detect 

more flood surfaces in this region. This explains the high percentage of flood pixels derived by 

using the MODIS data (see Figure 7). 

Figure 7. Comparison of MODIS Terra and TerraSAR-X classification results 

(Albania/Montenegro floods, 2013. Extent: (UL) 42°29'01.3''N, 18°34'57.5''E; (LR) 

41°48'29.7''N, 20°05'54.1''E). 
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Figure 8. Correlation between flooded areas in (a) Russia and (b) Albania/Montenegro 

derived from MODIS and TerraSAR-X on a 2 km grid level. The regression (solid line) 

and trend (dotted line) of the plots are also shown. 

 

4. Conclusion 

The usefulness of earth observation in crisis situations such as large-scale floods greatly depends on 

the timeliness of the first post-disaster satellite acquisition and the quality of subsequent data 

processing and product generation. 

In this work we presented two fully automatic processing chains aimed to improve the timeliness of 

data handling and product dissemination through a combined use of both optical and radar data in 

flood monitoring. The classification output from systematically and daily-acquired MODIS data 

(monitoring mode) is used for an on demand triggering of a TerraSAR-X based flood mapping service 

(emergency response mode) to derive high-resolution information on the inundation extent. The 

methodology includes a computation and adaption of global auxiliary data (digital elevation models, 

topographic slope information, and reference water masks), an unsupervised initialization of the 

classification, a post-classification refinement, and dissemination of the crisis information via a  

web-based user interface. 

The presented multi-scale flood monitoring system is tested for two flood scenarios in Russia and 

Albania/Montenegro and a cross-comparison of classification results is performed. In both scenarios, 

the MODIS flood mapping service was successful in identifying an evolving flood situation on a  

large-scale with a medium resolution of 250 m. The MODIS classification output was successfully 

used for on demand triggering the fully automated TerraSAR-X Flood Service (TFS), which derived 

high-resolution information on inundation extent of the target areas. For both scenarios,  

high-resolution SAR data would not have been acquired without the identification of the flooding 

using the MODIS Flood Service (MFS). While both classification results (optical and SAR-based) 

visually show a high degree of agreement, a quantitative and pixel-based evaluation indicates that the 

matching of classification results can vary considerably depending on several factors. These are related 

to data characteristics on the one hand (i.e., spatial resolution, repetition rate of the satellite) and 
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properties of the corresponding flood situation on the other hand (i.e., flood extent, complexity of the 

environment, cloud coverage, etc.). 

In the presented two-scaled approach, the individual advantages of each sensor class are exploited 

by combining systematic and daily medium-resolution optical acquisitions for monitoring and alerting 

purposes with high-resolution SAR acquisitions triggered in emergency situations. To the knowledge 

of the authors, this is the first system which uses the near real-time classification result of a 

systematically acquiring satellite mission of high temporal frequency to optimize the time-critical on 

demand programming of high resolution SAR satellite acquisitions for detailed flood monitoring. 

The MODIS-based service, although designed and tested for a global coverage, is currently only 

routinely operated for the European acquisition cone due to in-house and NRT data reception 

capabilities at the German Aerospace Center. An extension to other continents, potentially Africa and 

Asia, could substantially increase the relevance of the service although the integration of external data 

sources would be required. For further improvements in thematic accuracy of the flood services,  

the integration of additional ancillary variables and data sources into the classification process is 

considered. Using a fuzzy-based classification approach, hydrologically relevant layers, such as the 

topographic wetness (TWI) [40] or height above nearest drainage indices (HAND) [13,41], can be 

used in combination with land cover information to either assign flood probabilities to each pixel, or in 

combination with fixed threshold values, to filter out areas where the probability of a flood occurrence 

is very low. Future work also will focus on the incorporation of upcoming up-to-date global data sets 

of enhanced spatial resolution and accuracy in the processing chains to improve pre-processing quality 

and classification accuracy. The integration of, e.g., the global TanDEM-X DEM and TanDEM-X 

water mask (WAM) [42] with a spatial resolution of 12 m will be a significant improvement in 

comparison to the ASTER GDEM V2 and the SWBD. 

In preparation of the Sentinel 1–3 missions, the optical and SAR-based processing chains are 

currently being revised and adapted. A major advantage compared to the current TerraSAR-X based 

approach is the systematic acquisition strategy of the Sentinel-1 mission, which allows a utilization of 

SAR acquisitions for continuous monitoring purposes without the necessity of time-consuming and on 

demand acquisition planning. 
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