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ABSTRACT
Monitoring the spatial and temporal extents of permanent and
temporary bodies of surface water is important for various appli-
cations such as water resource management, climate modelling,
and biodiversity conservation. Satellite remote sensing is an effec-
tive source of information to detect surface water over large areas
and document their evolution in time. Recently, the European
Space Agency (ESA) launched freely available SAR (Synthetic
Aperture Radar) and optical sensors (Sentinel-1 & 2) with high
revisiting time and spatial resolution. The objective of this paper
is to explore the contribution of multi-temporal and multi-source
(passive and active) Sentinel observations for improving the detec-
tion and mapping of surface waters by applying decision-level
image fusion techniques. The approach is tested over Central
Ireland using a time series of 16 Sentinel-1 images and a few
Sentinel-2 images for the period 2015–2016. Compared to
a mono-date approach, the combination of Sentinel-1 & 2 obser-
vations provides better accuracy for mapping permanent surface
water. Decision level fusion technique allows mapping temporary
surface water (such as flooding) with a high accuracy. It also gives
the possibility to monitor their dynamics by providing the prob-
ability of occurrence of flooded areas at the pixel level.
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1. Introduction

As part of the hydrological system, quantifying the extent of surface water is important
in many application fields such as water resource management (with the monitoring of
surface reservoirs), climate modelling, biodiversity conservation, food security (such as
fishing and crops), and human well-being. Surface water can classically be categorized in
two classes: (1) ‘Permanent surface water’ and (2) ‘Temporary surface water’. ‘Permanent
surface water’ is defined as area of the Earth continental surface corresponding to an
accumulation of water, showing slight variations in water levels, retaining most of their
volumes over the year and that do not dry up. Their variations are mostly dependent on
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the hydro-meteorological cycle with rainfall, evaporation and possible overtopping of
streams. They can be of natural origin (such as lakes, streams and ponds), or of artificial
origin (such as dam reservoirs). The extent and distribution of the permanent surface
water are yet poorly and unevenly known at the global scale, since their size varies over
several orders of magnitudes, from small ponds to very large lakes often creating
inconsistencies in large-scale inventories (Ogashawara, Mishra, and Gitelson 2017).
Moreover, mapping permanent surface water is valuable in the context of severe
drought response and for water resources management and for hydraulic models
validation (Matgen et al. 2010; Pappenberger et al. 2007; Schumann, Di Baldassarre,
and Bates 2009).

‘Temporary surface water’ is defined as waterbody experiencing frequent drying
phases (small ponds, puddles and wetlands) or correspond to surfaces frequently
affected by flooding, thus causing hazards to human, settlements and infrastructures
(Feyisa et al. 2014). Floods can be considered as the most costly type of hazard in terms
of property damage and fatalities (Martinis 2010). Since it is impossible to avoid flood
risks or prevent their occurrence, flood disaster management is important to reduce
their effects. Flood mapping to identify sites in high hazard zones is one of the powerful
tools for this purpose (Voigt et al. 2007). Mapping floods will be beneficial to urban and
infrastructure planners, risk managers and disaster response, insurance and emergency
services during extreme and intense rainfall events.

Today, optical and Synthetic Aperture Radar (SAR) sensors are the most widely used
sources to obtain surface water information at continental and local scales. Satellite data
provide first order information which is dynamic, near real-time compared with in-situ
observation data (Du et al. 2016). Several databases derived from optical or SAR sensors
are mapping surface water areas such as the Global Surface Water product of the EC-
Joint Research Centre (The European Commission’s Joint Research Centre 2016), the
SRTM (Shuttle Radar Topography Mission) Water Body product of National Geospatial-
Intelligence Agency (Nga 2005), the Global Lakes and Wetlands Database (GLWD) of
WWF and the University of Kassel, Germany (WWF 2004), the Water and Wetness
product from EC-Copernicus (Copernicus 2015a), and the Landsat Level-3 Dynamic
Surface Water Extent (DSWE) Science Product from Earth Resources Observation and
Science (EROS) Centre (EROS Center 2018).

The Global Surface Water (GSW) and the DSWE products are generated from Landsat
dataset at 30-m spatial resolution. The GSW has a minimum mapping unit of 10 ha. and
allows quantifying changes of surface water over a period of 32 years (1984–2015) using
expert non-parametric classifiers (Pekel et al. 2016). The SRTM Water Body product is
derived from radar data (SRTM Digital Terrain Elevation Data) with a minimum mapping
unit of 10 ha. The elevation data are classified based on topographic rules to identify
oceans, lakes and rivers (Farr et al. 2007). The Global Lakes and Wetlands Database
(GLWD) is generated from various cartographic sources documenting lakes, reservoirs
and wetlands on a global scale. The product combines the best existing global and
regional maps that were aggregated at a 1-km spatial resolution using expert concepts
and thresholds (Lehner and Döll 2004). The product provides a minimum mapping unit
of 10 ha. The Water and Wetness product (EC-Copernicus) is produced from Landsat,
Sentinel-1, Envisat-ASAR (Advanced Synthetic Aperture Radar) and ancillary GIS
(Geographic Information System) datasets. Thresholding is used to derive surface
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water from optical and SAR data before fusing the results with GIS datasets to generate
the final classification. The minimum mapping unit for this product is 400 m2; the
product does not map small river channels and streams of width less than
40 m (Langanke 2016). Two classes of waters are categorized in this product: the
‘permanent water’ class (e.g., rivers and lakes) corresponds to water surfaces identified
in, at least, 80% of all observations; the ‘temporary water’ class corresponds to water
surfaces identified in more than 25% and less than 80% of all observations.

Consequently, these existing surface water products are relevant for some applica-
tions but do not fulfil all the current needs of the science and water management
communities. For instance, GLWD and SRTM Water Body do not identify small surface
water of less than 10 ha and narrow waterbodies such as watercourses or streams. GSW
and DSWE are based on Landsat imagery with gaps in the observation records because
of the occurrence of clouds. The Water and Wetness product is using Sentinel-1 data but
relies on 30 m spatial resolution Landsat imagery. Figure 1 presents an overview of the
existing products for the case study in Ireland.

Nowadays, there has been significant progress in SAR-based mapping of surface
water (Martinis 2017). Microwave SAR sensors can penetrate clouds, therefore offer

Figure 1. Coverage of datasets and study area with subset of existing product on permanent surface
water mapping.
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more benefits to observe surface water (and more specifically floods) than optical
sensors. The increased availability of SAR images at high spatial and temporal resolution
over large areas (Martinis 2010; Martinis and Twele 2010; Pierdicca et al. 2013) and the
development of automatic algorithms to extract surface water (Bioresita et al. 2018;
Clement, Kilsby, and Moore 2017; Martinis and Twele 2010; Twele et al. 2016) add value
to this source of information (Martinis 2017; Martinis and Twele 2010).

The most common method used to discriminate water and non-water areas in SAR
images is thresholding (Bartsch et al. 2012; Martinis, Twele, and Voigt 2009; Muster et al.
2013). These methods are based on the contrast of low backscattering values over
waterbodies and high backscattering values over the surrounding terrains. The accuracy
of the detection algorithms varies depending on the land cover classes observed in the
scene and of the topography. For example, in urban areas, water detection is very
challenging due to the shadowing effects from buildings as a result of the side-
looking viewing geometry of SAR satellite sensors. Further, waters beneath vegetation
layers are difficult to detect due to double bounce scattering resulting in a drastic
increase of radar backscatter (Martinis 2010). The presence of strong wind that roughens
the water surfaces can also produce misclassification errors. Flat areas also can give low
backscattering values which can generate misinterpretation as water surfaces. A method
for automatic and rapid mapping of water surfaces has been presented in (Bioresita et al.
2018). The method uses finite mixture models and bilateral filtering as a smooth label-
ling for defining the thresholds. This approach was applied to three sites recently
affected by flooding events using mono-date Sentinel-1 data. The method gives suc-
cessful results in terms of water surfaces (and in all subsequent cases) detection as it
relies on significant contrast of pixel values between water and non-water areas.
However, the method gives misclassification if non-water areas have lower backscatter-
ing values than water areas such as airport runways or some agricultural fields where
specular reflection is observed.

Optical data provide information on the multispectral reflectivity of surface water
whereas SAR data provide information on the texture (Chaouch et al. 2012; Markert et al.
2018) of the surface water. Optical images such as Landsat, SPOT (Satellite Pour
l’Observation de la Terre) and IKONOS have been used for surface water mapping in
several studies (Marcus and Fonstad 2008; Nath and Deb 2010; Ogilvie et al. 2018). For
instance, Martinis (2017) and Ogilvie et al. (2018) proved the capability of Landsat and
Sentinel-2 data for mapping small waterbodies of about 1 to 10 ha. The most widely
used methods for surface water detection in optical imagery are based on water indices
(Feyisa et al. 2014; Rokni et al. 2014; Wang, Huang, and Wei 2013). Indices combine
spectral bands using various algebraic operations to increase the difference between
waterbodies and land. Limitations in the detection are however caused by the quality of
the water body types in terms of colour (Jiang et al. 2014).

In 2014, the European Space Agency (ESA) launched the Sentinel constellation
including free available SAR and optical data (Sentinel-1 & 2) with high revisiting time
(5 to 12 days) and high spatial resolution (10 to 30 m). This constellation offers the
possibility to increase the capture of genuine time series. The combination of remote
sensing data with different characteristics is a standard remote sensing problem that has
been extensively investigated in the literature (Chavez 1991). The main aim consists in
fusing multi-sensor information as a means of combining the respective advantages of

4 F. BIORESITA ET AL.



each sensor (Goyal and Wahla 2015). Combining existing sensors can mitigate limita-
tions of any one particular sensor for various land cover issues (Gamba 2014; Joshi et al.
2016). Complementary observations can thus be exploited for land cover mapping
purposes. More specifically, many case studies present methods for surface water
extraction based on multi-source (optic and SAR) image fusion. Fusion of heterogeneous
image source has been widely investigated in the remote sensing (Benediktsson et al.,
2018; Chavez 1991; Schmitt and Zhu 2016). Image fusion can be implemented at three
different levels (Ghassemian 2016; Liu et al. 2018): (1) pixel level, (2) feature level and (3)
decision level. The decision level approach is commonly used for surface water extrac-
tion. When images originate from several sensors, the most relevant method for data
fusion is to combine the images with the surface waters results extracted individually for
each image source (Chengquan et al. 2018; DeVries et al. 2017; Huang et al. 2018; Pohl
and Van Genderen 1998; Wendl et al. 2018; Westerhoff et al. 2013).

In conclusion, using image time series and data fusion techniques to increase the
accuracy of permanent surface waters detection is promising (Bourgeau-Chavez et al.
2009; Liu et al. 2018; Riffler et al. 2018). Combining data of different properties and acquired
at several periods can improve image classification (Riffler et al. 2018). However, even
though promising, there are only a few studies combining multi-temporal and multi-source
approach. In this context, the hypothesis is that SAR and optical satellite time series
(Sentinel-1 & 2) are relevant to fill the gap for producing permanent and temporary surface
water maps. The objective of our work is to investigate and quantify the performance of
Sentinel-1 and Sentinel-2 time series for improving surface water mapping by applying
decision-level fusion techniques. The approach is being tested on image time series over
Central Ireland (Figure 1) for the period 2015–2016.

2. Study area and datasets

The use case is the catchment of the Shannon River in Central Ireland. This area is of
specific interest in developing and testing the methodology as (1) the density of
permanent surface water (e.g., lakes and rivers) is high, (2) the variation in spatial extents
over the season is moderated because of the oceanic temperate climate, and because (3)
the catchment was affected by severe flooding events in Winter 2015/2016 altering the
spatial extent of water surfaces for some days (McCarthy et al. 2016). Further, the
weather conditions over Ireland, with only 20% of time (per year) with cloud-free
Sentinel-2 optical data, justify the use of Sentinel-1 SAR data to document the water
surfaces. Figure 1 presents the study area of size (± 3657 km2) as well as the permanent
surface water documented, respectively, in the global databases GSW, GLWD, SRTM
Water Body, Water & Wetness and in the national database of the Irish Environmental
Protection Agency (Epa 2017).

Over the study area, the extent of the water surfaces can omit of ± 92 km2 in GSW, ±
120 km2 in GLWD, ± 114 km2 in SRTM Water Body, ± 99 km2 in Water & Wetness, and ±
111 km2 in the national EPA database. The permanent surface water has been severely
altered by a series of extratropical cyclones occurring from the end of 2015 to the
beginning of 2016 causing flooding between Ballinasloe and Portumna (Figure 1; C1 and
C2). Storm Desmond took place on 4 December 2015. During the storm, Keenagh Beg rain
gauge station in Co Mayo, recorded the highest daily rainfall since 1944, with a 24 h total of
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161 mm (Éireann 2015). Road networks, grasslands and croplands were submerged during
flooding period (National Directorate for Fire and Emergency Management 2016).

A time series of 16 Sentinel-1 images in IW GRDH (Ground Range Detected in High
resolution) mode and covering the period between 22 November 2015 to 30 October 2016
is used. The time series includes two images where flooding is observed. The images have
a spatial resolution of 20 m � 22 m with double polarization (VV and VH). The images
cover the study area with two orbit tracks (scene 1-track number 74; scene 2-track number
1) in ascendingmode. Three cloud-free (cloud coverage < 15%) Sentinel-2 images (level 1C)
are used as complementary source of information (Table 1).

Topographic information from the SRTM 1 Arc-Second Global at 30-m spatial resolu-
tion is used in order to construct topographic index maps (HAND; Height above Nearest
Drainage; Rennó et al. 2008) for the Sentinel-1 data analysis. Further, rainfall data from
the rain gauges located at Shannon airport, Gurteen, Athenry, and Mount Dillon are
used for the analysis of temporary surface water (Éireann 2016).

3. Methodology

The general methodology is described in Figure 2. The detection of the surface water
and the calculation on the probability of occurrence are carried out on the Sentinel-1
images with the Water-S1 method presented in (Bioresita et al. 2018). An adaptation of
the Water-S1 method is used for the processing of the optical Sentinel-2 data (see
Section 3.1). The occurrence maps obtained for the two time series (Sentinel-1, Sentinel-
2) are combined using decision level methods (see Section 3.2). Finally, the fused results
are evaluated for the permanent surface waterbodies and for the temporary flooded
areas for the corresponding time periods (see Section 3.3).

Table 1. Catalogue of images used for the analysis.

Sentinel-1
acquisition

Track
number Orbit

Time
series Information

Sentinel-2 acquisi-
tion

*image cloud free
Track

number
Cloud cover

(%)

22 November 2015 74 Ascending t1 Dry / / /
16 December 2015 74 Ascending t2 Flooding 22 December 2015 23 5.6
28 December 2015 74 Ascending t3
9 January 2016 74 Ascending t4 Flooding / / /
14 February 2016 74 Ascending t5 Dry / // /
26 February 2016 74 Ascending t6 Dry
9 March 2016 74 Ascending t7 Dry / / /
21 March 2016 74 Ascending t8 Dry
14 April 2016 74 Ascending t9 Dry / / /
8 May 2016 74 Ascending t10 Dry / / /
8 June 2016 1 Ascending t11 Dry / / /
14 July 2016 1 Ascending t12 Dry 18 July 2016 23 6.6
19 August 2016 1 Ascending t13 Dry / / /
12 September 2016 1 Ascending t14 Dry / / /
18 October 2016 1 Ascending t15 Dry / / /
30 October 2016 1 Ascending t16 Dry

6 November 2016 23 4.5

6 F. BIORESITA ET AL.



3.1. Extraction of surface water and calculation of probability of occurrence
maps from sentinel-1 and sentinel-2 images

The processing of Sentinel-1 IW GRDH image is based on the Water-S1 method
described in (Bioresita et al. 2018) and summarized in Figure 3. The first step consists
of a correction of orbital errors, speckle noise and geometric distortion of the data. The
application of precise Sentinel orbits, the radiometric calibration of the SAR images to
Sigma-nought images, the multi-looking, the filtering of speckle, and terrain relief is
applied in the Sentinel Application Platform/SNAP (Foumelis 2015; Stewart 2016). Then,
a subset of Sigma-nought images is masked using the Height above Nearest Drainage
(HAND) terrain index. This index is based on the drainage network and is used to
constrain the processing area in order to avoid classification errors in topographically
non-plausible water areas. A threshold of HAND <15 m is applied in order to filter the

Figure 2. Methodological workflow.
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false positives of surface water located above the nearest drainage line. Then,
a statistical modified Split-Based Approach (SBA) is used in order to tile the input images
into squared non-overlapping blocks of 10 × 10 km size and to select the tiles for class
modelling. The strategy for tile selection consists of choosing only the image tile which
contains some portions of surface water based on Hartigan’s dip statistic (HDS) value
(Freeman and Dale 2013). Class modelling is performed by applying Finite Mixture
Models (FMM) (Benaglia et al. 2009). The model parameters for each tile are calculated,
then global sets of parameters are defined and probabilities of occurrences are com-
puted. Finally, a labelling using Bilateral Filtering is applied to the occurrence images
(Schindler 2012). The filtered occurrence probability images are then used as input data
for image fusion.

For Sentinel-2, the general workflow of Water-S1 is applied with some adaptations.
First, the Sentinel-2 level 1C (Top of Atmosphere values) are corrected to level 2A

Figure 3. Flowchart of surface water extraction: Water-S1 method (for Sentinel-1) and modified
Water-S1 method applied to Sentinel-2 mono-date images.

8 F. BIORESITA ET AL.



(Bottom of Atmosphere values) using Sen2Cor (Louis et al. 2016), and cloud and shadow
area are masked. The NDWI2 water index (Equation (1)), classically used to extract water
surfaces (Martinis 2017; McFeeters 1996), is calculated at 10-m spatial resolution and is
used for feature extraction.

NDWI2 ¼ RBand3 � RBand8ð Þ
RBand3 þ RBand8ð Þ (1)

where R represents the reflectance value of the band. Band3 is the green band and
Band8 is the near-infrared band.

The HAND topographic index (Rennó et al. 2008) is calculated on the SRTM topo-
graphy and applied to the NDWI2 images in order to remove regions located above the
nearest drainage line and avoid misclassification.

3.2. Methods of image fusion: decision-level fusion rules

Image fusion can be implemented at three different levels: (a) pixel, (b) feature, or (c)
decision level (Liu et al. 2018). When images originate from several sensors, the most
relevant method for data fusion is to combine the images with the surface water results
extracted individually for each image source (Pohl and Van Genderen 1998; Wendl et al.
2018; Zadeh 1976).

Several methods of decision level fusion are compared in order to identify the most
suitable approach for surface water. This information is fused in order to create value-
added layers (Zadeh 1976). Probabilities of occurrence of surface water are calculated,
first, in order to evaluate the interest of time series to enhance the mapping
and, second, to evaluate the complementarity of results from the SAR and optical
sensors. All calculations are performed at pixel level by combining the probabilities of
occurrence of each experiment (experiment 1 = time series of Sentinel-1 data, experi-
ment 2 = time series of Sentinel-2 data, experiment 3 = time series of Sentinel-1 and
Sentinel-2 data). The final image fusion is expressed in terms of posterior probability.

The fuzzy logic method and the Bayesian method are tested for the decision level
fusion. The most powerful fusion method identified for Sentinel-1 results is then applied
for the fusion of the Sentinel-2 results and for the fusion of Sentinel-1 and Sentinel-2
results (see Section 4.1.1).

Image fusion using fuzzy logic (Wendl et al. 2018) is powerful to combine uncertain
data. Considering a reference set L of classes, then a fuzzy set A in L, is a set of ordered
pairs:

A ¼ ½ðx; PA xð Þ jx 2 LÞ� (2)

where PA ∶ L → [0, 1] is the membership function of A in L which range is a subset of
the nonnegative real numbers whose supremum is finite. The algorithm proposed by
(Wendl et al. 2018) is used for the calculation. It uses a minimum number of fuzzy logic
operators (Equation (3)). The details of the membership functions are presented in
Figure 4. The fuzzy logic minimum operator is used based on the accurate results
obtained by Wendl et al. (2018) for urban land use classification.

Pfusion xð Þ ¼ Min PA xð Þ; PB xð Þð Þ (3)
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The second approach for data fusion is Bayesian, with algorithm proposed by Wendl
et al. (2018). Bayesian approach is also used based on the accurate results obtained by
Wendl et al. (2018) for urban land use classification. It executes image fusion based on
the operator product (Equation (4)) or operator sum (Equation (5)).

Pfusion xð Þ ¼ PA xð Þ � PB xð Þ (4)

Pfusion xð Þ ¼ PA xð Þ þ PB xð Þ (5)

where PA and PB are the posterior probability maps.

3.3. Evaluation procedure

A threshold of 90% is used to differentiate the ‘permanent surface water’ (posterior
probability > 90%) from other classes (posterior probability < 90%). The ‘permanent
water’ class of the Water and Wetness product is used as the reference product for the
evaluation of the ‘permanent surface water’ detected with our methodology. The reasons
are that the Water and Wetness product is produced from Sentinel-1 (Figure 1 – Subset
(e); see Section 1), and has nearly the same spatial resolution as our results.

The ‘temporary surface water’ in our study was extracted from Sentinel-1 images using
the ‘permanent surface water’ map issued from the best fusion algorithm and the best
experiment as a mask. Due to the flooding events of December 2015 and January 2016,
the ‘temporary water’ class of the Water and Wetness product cannot be used as
reference data. Therefore, for the evaluation of the ‘temporary surface water’ detected
with our methodology, the Copernicus Emergency Management Service (EMS)
(Copernicus 2015b) maps are used. For the period of interest, only one EMS product is
available (9 January 2016) to assess flooding event on that date.

Figure 4. Decision-level fusion: Application of the fuzzy logic minimum operator, with an example of
combination of Sentinel-1 posterior probability maps (t1 and t2, see Table 1).
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All the quantitative assessments are based on the calculation of confusion
matrices and of indicators such as the Overall accuracy, the F-measure, the True
Positive Rate (TPR), the False Positive Rate, and the Omission and Commission error.
Qualitative assessment is also applied and presented in Section 4 for the perma-
nent surface water (see Section 4.1) and the temporary surface water (see
Section 4.2).

4. Results

4.1. Mapping of ‘permanent surface water’

4.1.1. Mono-date detection of surface water from sentinel-1 and sentinel-2 images
Figure 5 presents the detection of water surfaces over the region of Portumna (Figure 1,
C2) for the 16 Sentinel-1 images and the 3 Sentinel-2 images expressed in terms of
occurrence probability maps. The maps are binarized in two classes (presence and
absence of water) using a posterior probability threshold >90% (Bioresita et al. 2018).
The surface extents vary in the range 86 to 225 km2 over the period. In the Sentinel-1
time series, during the flooding period of Winter 2015/2016, water is detected in the
North area of Lough Derg until 14 February 2016. Extraction of water surfaces in April,
June and October 2016 presents some errors due to roughness of the water surfaces
caused by wind and turbulence effects. Roughness causes a higher backscattering signal
and therefore an enhanced brightness in the SAR data. In the Sentinel-2 image of
December 2015, surface water is clearly depicted in the north area of Lough Derg.
Due to the presence of thin cirrus and dark pixels areas, surface water areas are over-
estimated for the Sentinel-2 image of November 2016. In order to overcome those
problems, decision-level fusion is performed.

4.1.2. Multi-date detection of “permanent surface water“ with time series image
fusion
Results of image fusion of the Sentinel-1 time series images are presented in Figure 6. All
fusion results present a reduction in the noise level. However, comparison with the
reference product indicates different performances of the decision-level rules. Test 1
(operator fuzzy logic Min) only identifies fractions of Lough Derg and is not able to
identify the permanent surface water along Shannon River; test 2 (Bayesian operator
product) does not identify Lough Derg and the Shannon River (presence of false
negative); test 3 (Bayesian operator Sum) gives the best results with the identification
of the Shannon River and of nearly the full area of Lough Derg.

The quantitative assessment (Table 2) indicates high overall accuracies of above 99%.
Test 2 gives very low F-measure with a value of about 0.55 and True Positive Rate (TPR)
with a value of about 38%. Omission error of Test 2 is very high reaching 61%. Test 1
gives better F-measure than Test 2 with a value of 0.77, but the TPR is low with a value
of 62%. Omission error in Test 1 is also high with a value of 37%. Those measures explain
the appearance of a large amount of false negatives (Figure 6) for Test 1 and Test 2 even
if the overall accuracies are high. Test 3 shows the highest overall accuracy and
F-measure with a value of 0.99, a high TPR with a value of 98% and low omission
error with a value of 1.4%. As a consequence, the Bayesian sum operator is used and
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Figure 5. Surface water detected for the 16 Sentinel-1 images and the 3 Sentinel-2 images in terms
of occurrence probability maps, with a zoom on the region of Portumna (C2).
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applied for the fusion of the multi-temporal Sentinel-2 images (experiment 2), and for
the fusion of Sentinel-1 and Sentinel-2 time series (experiment 3).

Table 3 summarizes the comparison of the three experiments of image fusion to the
Water & Wetness products considered as reference data. Results of decision-level fusion
from Sentinel-2 images (Experiment 2) are presented in Figure 7. Experiment 2 gives the
best TPR and omission error than the other experiments, but it is based only on three
images with a low cloud density. Experiment 2 allows detecting both the Lough Derg
and the Shannon River at high accuracy with an overall accuracy of 99%, an F-measure
of 0.99 and a TPR of 99%.

Figure 6. Decision-level fusion results for the Sentinel-1 time series over the region of Portumna,
with details (zoom) on the north bank of Lough Dergh and for the three methods of image fusion.

Table 2. Classification accuracy of Sentinel-1 time series for the three methods of decision-level
fusion.

Test Method
Overall

accuracy (%) F-measure
True positive
rate (%)

False positive
rate (%)

Omission
error (%)

Commission
error (%)

Test 1 Fuzzy min 99.50 0.77 62.473 0.002 37.52 0.30
Test 2 Bayesian

Product
99.32 0.55 38.301 0.001 61.69 0.26

Test 3 Bayesian
Sum

99.94 0.99 98.602 0.023 1.39 0.83

Table 3. Comparison of image fusion results with the water & wetness reference data.
Experiment
(with Bayesian
operator sum)

Overall
accuracy (%) F-measure

True positive
rate (%)

False positive
rate (%)

Omission
error (%)

Commission
error (%)

Experiment 1 (S1) 99.94 0.98 98.60 0.02 1.40 0.83
Experiment 2 (S2) 99.95 0.98 99.20 0.04 0.80 1.79
Experiment 3 (S1 & S2) 99.95 0.99 98.31 0.01 1.69 0.34
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Results of decision-level fusion from Sentinel-1 and Sentinel-2 time series (Experiment
3) are presented in Figure 8. Experiment 3 gives better values in terms of overall
accuracy (>99%), F-measure (0.99), and TPR (98%) than the other experiments. The
omission error is very low (1.7%). A few false negatives are observed mainly along the
borders of the surface waterbodies (Figure 8; sectors a, b, c). False positives are detected
on the borders of Lough Derg (Figure 8; sector d). In all experiments, the surface water is
detected at very high accuracy with an overall accuracy of more than 99%, an F-measure
of 0.99, and a TPR more than 98%.

Considering all the parameters using for accuracy assessment, the best result is
obtained with the fusion of Sentinel-1 and Sentinel-2 time series with the Bayesian
operator sum.

4.2. Mapping of ‘temporary surface water’: flooded areas

‘Temporary surface water’ bodies are extracted for the Sentinel-1 image of 09/01/2016 by
applying the ‘permanent surface water’ map calculated from experiment 3 (S1&S2) with
Bayesian sum operator as a mask. Table 4 indicates high overall accuracy (>98%),

Figure 7. Decision-level fusion results for the Sentinel-2 images over the region of Portumna, with
details (zoom) on the north bank of Lough Dergh.
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Figure 8. Decision-level fusion results for the Sentinel-1 and Sentinel-2 images over the region of
Portumna, with details (zoom) on the Shannon River (sector a, b, c) and the north bank of Lough
Dergh (sector d).
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F-measure (0.90) and TPR (86%) for the detection of these ‘temporary surface water’
bodies; the omission error is low (13.9%).

Figure 9 identifies false positives along the borders of the Lough Derg Lake and along
the Shannon River. These false positives are related to sandbank in the course of the
river or to narrow river banks identified as ‘temporary surface water’ in our results while
they are identified as ‘permanent surface water’ in the flood map of the Copernicus
Emergency Management Service (EMSR149). The image fusion method allows mapping
almost all flooded areas as proven by the little amount of false negatives (Figure 9).

5. Discussion

Surface water dynamics can be monitored from the detection of ‘temporary surface
water’ from the time series images. These surfaces are extracted by applying the
‘permanent surface water’ (detected in experiment 3) as a mask to posterior probability
of Sentinel-1 time series. The remaining surfaces correspond to ‘temporary surface water’
bodies (ca. 900 km2 over the study area). These areas are presented in a frequency map
(Figure 10(a)) which mapping the number of times a pixel is classified in ‘temporary
surface water’ bodies over the study area and for the complete time series. These areas
are close to the main streams and located in the most flat areas of the region (Figure 10
(a)). The pixels only classified once as ‘temporary surface water’ bodies represent nearly
49% of the surfaces and can be excluded from ‘temporary surface water’ bodies as they
can be considered as noise or misclassification. The pixels with a frequency higher than
9 correspond to areas spatially close to the ‘permanent surface water’ bodies and
represent about 3% of the surfaces. Therefore, the pixels classified at least 2 times and
less than 9 times (Figure 10(b)) are considered as the final ‘temporary surface water’
maps.

It is further possible to relate the detected ‘temporary surface water’ bodies to the
annual rainfall amounts. In December 2015, the largest amount of ‘temporary surface
water’ bodies are observed over the one-year period (Figure 11) in relation to Storm
Desmond (Jiang et al. 2014). In January 2016, for lower amount of monthly rainfall,
flooded areas are still observed because the water did not infiltrate in the soil or was
evacuated by the drainage network. In Spring and Summer 2016, the surfaces of
‘temporary surface water’ bodies decrease in relation to the decrease in rainfall. In May
and June 2016, the detected waterbodies seems to be overestimated probably because
of higher noise in the Sentinel-1 images caused by strong wind and rough water
surfaces. In Autumn 2016, only small surfaces of ‘temporary surface water’ bodies are
detected; the precipitation events of September 2016 did not cause flooding.

The spatiotemporal dynamics of the ‘temporary surface water’ bodies is further
analysed for the period November 2015 to April 2016 by interpreting the frequency
value 2 to 4 (Figure 12). The histogram of the possible pairwise combination (frequency

Table 4. Comparison of image fusion results with the flood map of EMS Copernicus used as
reference data for the date 9 January 2016.

Date
Overall

accuracy (%) F-measure
True positive
rate (%)

False positive
rate (%)

Omission
error (%)

Commission
error (%)

9 January 2016 98.79 0.90 86.07 0.35 13.92 5.72
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2) indicates that the maximum surfaces of flooded areas are observed for the period t2-
t3 and t3-t4 (Figure 12(a)); these flooded areas correspond spatially to local agricultural
lands flooded during less than 4 weeks. The histogram of the possible combination of
frequency 3 indicates that the maximum surfaces of flooded areas are observed for the
period t2-t3-t4 (Figure 12(b)); these flooded areas correspond spatially to larger agricul-
tural lands flooded during less than 6 weeks. Finally, the histogram of the possible

Figure 9. Detection of the ‘temporary surface water’ bodies in the Sentinel-1 image of
9 January 2016 and comparison to the flood map of Copernicus EMS, with details (zoom) on the
Shannon River (sector a, b, c) and the north bank of Lough Dergh (sector d).
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combination of frequency 4 indicates that the maximum surfaces of flooded areas are
observed for the period t2-t3-t4-t5 (Figure 12(c)); these flooded areas correspond
spatially to agricultural lands and wetlands flooded during more than 8 weeks.

The results show high similarity of permanent surface water with the Water &
Wetness product using other fusion methods. In this study, the methodology was

Figure 10. Frequency map and histogram of ‘temporary surface water’ bodies detected in the
Sentinel-1 time series (16 images).

Figure 11. Distribution of ‘temporary surface water’ bodies per period and relation to the monthly
rainfall amount for one hydrological year (November 2015 – October 2016).
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Figure 12. Distribution and mapping of temporary surface water surfaces’ pixels classified (a) twice,
(b) third or (c) fourth during the flood period (from t1 to t6, e.g., Figure 11) on the 09/01/16 Sentinel
1 image.
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specifically designed for the properties of Sentinel-1 and Sentinel-2 data. Since these
data are freely available, it is possible to analyse other flooding events in order to
estimate statistically the proportion of land being regularly flooded which will be useful
for flood risk management, especially for large catchments, region or nation-wide
analyses. Considering the results, the proposed method could be established as
a permanent service solution for global surface water mapping. However, it is important
to extend the observation period, for example, to 5 years in order to be able to better
understand surface water behaviour.

6. Conclusions and perspectives

A methodology for surface water detection by combining SAR (Sentinel-1) and optical
(Sentinel-2) sensors is proposed using decision-level fusion rules. The methodology is
applied over one hydrological year for the catchment of the Shannon river (Ireland)
which has been severely impacted by flooding in Winter 2015/2016. The proposed
methodology allows reducing the noise and increasing the detection level for time
series of Sentinel-1 images, for multi-date Sentinel-2 images, and for the combination
of both SAR and optical time series. Decision level rules are being tested for the
particular case of surface water detection indicating that the Bayesian operator Sum is
suitable for such application. Moreover, the analysis of image time series allows a better
detection of both ‘permanent surface water’ bodies (rivers and lakes) and ‘temporary
surface water’ bodies (flooded areas). It is further demonstrated that the fusion of SAR
and optical time series increase the accuracy of the detection of the ‘permanent surface
water’ bodies. The proposed methodology is generic and does not require user interac-
tion suggesting its application for monitoring ‘permanent surface water’ bodies over
large areas and at high temporal frequency, with the possibility of using it as
a permanent service if integrated on high performance computing centre. For the
monitoring of ‘temporary surface water’ bodies, the use of decision-level rules allows
quantifying the probability of occurrence of inundated terrains at the pixel scale giving
the possibility to understand the space and time dynamics of the flooding. Such
approach is of interest in improving flood risk management procedures.
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