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Abstract 

Identification of flood water extent from 

satellite images has historically relied on either 

synthetic aperture radar (SAR) or multi-spectral 

(MS) imagery. MS sensors are limited to cloud free 

conditions, whereas SAR imagery is plagued by 

noise-like speckle. Prior studies that use 

combinations of MS and SAR data to overcome 

individual limitations of these sensors have not fully 

examined sensitivity of flood mapping performance 

to different combinations of SAR and MS derived 

spectral indices or band transformations in color 

space. This study explores the use of diverse bands 

of Sentinel 2 (S2) through well-established water 

indices and Sentinel 1 (S1) derived SAR imagery 

along with their combinations to assess their 

capability for generating accurate flood inundation 

maps. The robustness in performance of S-1 and S-2 

band combinations was evaluated using 446 hand 

labeled flood inundation images spanning across 11 

flood events from Sen1Floods11 dataset which are 

highly diverse in terms of land cover as well as 

location. A modified K-fold cross validation 

approach is used to evaluate the performance of 32 

combinations of S1 and S2 bands using a fully 

connected deep convolutional neural network known 

as U-Net. Our results indicated that usage of 

elevation information has improved the capability of 

S1 imagery to produce more accurate flood 

inundation maps. Compared to a median F1 score of 

0.62 when using only S1 bands, the combined use of 

S1 and elevation information led to an improved 

median F1 score of 0.73. Water extraction indices 

based on S2 bands have a statistically significant 

superior performance in comparison to S1. Among 

all the band combinations, HSV (Hue, Saturation, 

Value) transformation of S2 bands provides a median 

F1 score of 0.9, outperforming the commonly used 

water spectral indices owing to HSV’s 

transformation’s superior contrast distinguishing 

abilities. Additionally, U-Net algorithm was able to 

learn the relationship between raw S2 based water 

extraction indices and their corresponding raw S2 

bands, but not of HSV owing to relatively complex 

computation involved in the latter. Results of the 

paper establishes important benchmarks for the 

extension of S1 and S2 data-based flood inundation 

mapping efforts over large spatial extents.   

Introduction 

Reliable, accurate and near-real time 

mapping of flood inundated areas is important for 

flood protection and preparedness (Mosavi et al., 

2018). In this context, satellite remote sensing is 

invaluable in providing estimates of location, extent, 

and severity of flooding over political boundaries 

and complex terrain. Attempts to map flood extents 

using remote sensing data have focused on using 

either spectral data from optical sensors or 

backscatter data from synthetic aperture radar (SAR) 

(see Huang et al., 2018 and Shen et al., 2019a for 

review). Spectral data from optical sensors are highly 

correlated with open water surfaces (Irwin et al., 

2017). Therefore, spectral data is the preferred 

source for flood inundation mapping under cloud-

free weather conditions (Pekel et al., 2014, Gevaert 

et al., 2015). However, one of the serious limitations 

of these bands derived from optical imagery is their 

inability to penetrate cloud cover that is usually 

present during large scale floods caused by 

precipitation (McNairn et al., 2009, Clement et al., 

2018). Synthetic Aperture Radar (SAR) which 

records data based on energy reflectance can detect 

water irrespective of cloud interference and is also 

effective both during day and nighttime (Shen et al., 

2019a). However, limitations such as the inability to 

differentiate between water and water-like surfaces, 

noise-like speckle, and geometric correction may 

challenge the SAR’s viability for global flood 



inundation mapping applications (Shen et al., 

2019b). Combinations of MS and SAR data are 

found to perform better in case of urban area extents 

(Iannelli and Gamba, 2018), invasive plant detection 

(Rajah et al., 2018), mapping soil moisture (Gao et 

al., 2017), wildfire assessment (Colson et al., 2018), 

crop monitoring (Betbeder et al., 2014, Dusseux et 

al., 2014), land cover classification (Ienco, 2019) and 

also in flood inundation mapping (Manakos et al., 

2020; Bioresita et al., 2019, Slagter et al., 2020).  

Thus, combining both multi-spectral imagers and 

SARs may provide complementary information 

useful for flood mapping efforts. 

 Initial applications of flood inundation 

mapping involved the use of visible spectral bands 

and their combinations such as Normalized 

Difference Vegetation Index (NDVI) from coarse-

scale VHRR (Very High Resolution Radiometer) 

and AVHRR (Advanced Very High-Resolution 

Radiometer) optical imagery at 1km resolution 

(Wiesnet, 1974; Barton and Bathols, 1989). With the 

advent of MODIS and Landsat, not only the spatial 

and temporal resolution have increased, but infrared 

spectral bands were also made available, 

significantly improving flood monitoring 

capabilities. Therefore, several water-based indices 

such as Normalized Difference Water Index (NDWI; 

McFeeters, 1996), Modified Normalized Difference 

Water Index (MNDWI; Xu et al., 2006), Automatic 

Water Extraction Indices (AWEI; Feyisha et al., 

2014) were derived based on optical bands of 

Landsat and MODIS to delineate water extent. 

Consequently, SAR data from various satellites has 

also been widely used for flood mapping and 

management (Oberstadler et al., 1997; Matgen et al., 

2007; Matgen et al., 2011; Martinis et al., 2013). 

Specifically, these studies indicate that dual-

polarized SAR (VV, VH and HH polarization) data 

is suitable for flood mapping.   

More recently, the European Space Agency’s 

Sentinel-1 (S1) satellite mission which was launched 

in October 2014 started providing Synthetic 

Aperture Radar (SAR) data at 10 m resolution with 

6-day revisit period. Subsequently, Sentinel-2 (S2) 

satellite mission which provides multi-spectral (MS) 

optical sensor with a 5-10 day revisit period with 10 

m - 60 m spatial resolution was launched in June 

2015. Since the spatial and temporal resolution of 

sentinel products is a significant improvement over 

previous satellite products, majority of recent studies 

have typically used Sentinel products for flood 

mapping (Amitrano et al., 2019; Twele et al., 2016, 

Li et al., 2018, Devries et al., 2020; Goffi et al., 2020; 

Jain et al., 2020). Since S1 and S2 have different 

sensors on board with S1 being an all-weather radio 

imaging mission and S2 a multispectral (MS) 

imaging satellite, the S1 and S2 measurements offer 

fundamentally different information sources. In 

addition, the high spatial and temporal resolution of 

S1 and S2 are of particular interest in the context of 

flood inundation mapping.  

Most of the studies which investigate the 

combinations of S1 and S2 for flood inundation 

mapping have blended SAR sensor data using NDWI 

as the index. For instance, Manakos et al., (2020) 

used pixel based random forest classifier to identify 

the mean day difference between the target S1 image 

and available S2 high accurate inundation maps. 

Decision-level fusion rules was used by Bioresita et 

al., (2020) to integrate S1 and S2 derived NDWI 

bands. More recent studies have introduced 

additional indices for flood mapping. For example, 

Slagter et al., (2020) used multi-level random forest 

classification scheme to fuse S1 and S2 derived 

NDWI / MNDWI bands for flood inundation 

segmentation. Goffi et al., (2020) have used a rule-

based framework to weight the different water 

indices such as NDWI, MNDWI and AWEI for 

water extent mapping. Even though use of NDWI 

with SAR has been successful to some extent in flood 

mapping, fusion approaches have not systematically 

investigated the sensitivity of inundation mapping 

performance metrics to different combinations of S1 

and S2 derived spectral indices or band 

transformations in color space.  Understanding the 

differences in performance resulting from such 

choices is important because the S2 based spectral 

indices have their own set of limitations such as their 

inability to capture shallow water surfaces, 

sensitivity to inundation of land cover classes, and 

misclassification due to shadows of clouds, 

mountains and buildings (Li et al., 2013; Boschetti et 
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al., 2014). Therefore, even though the combinations 

of S1 and S2 imagery have been applied to map flood 

inundations, a systematic investigation on the 

optimal combination of S1 and S2 is still needed. 

Also, prior knowledge about an optimal combination 

will save time and computational resources when 

generating flood inundation mapping in near real 

time settings.      

Recently, there have been significant 

advancements in computer vision tasks such as 

classification and segmentation due to the growth of 

deep learning algorithms (Hinton and Salakhuditnov, 

2006) and more particularly due to the introduction 

of Convolutional Neural Networks (CNNs; Jia et al., 

2014). Unlike pixel-based learning approaches, 

CNNs can also leverage the spatial structure of target 

segment (such as flood inundation mask). Similarly, 

CNNs have been applied successfully in various 

flood mapping studies (Gebrehiwot et al., 2019; 

Nemni et al., 2020; Peng et al., 2019; Wang et al., 

2020; Li et al., 2020; Potnis et al., 2019; Mateo-

Garcia et al., 2021; Rambour et al., 2020; Bonafilia 

et al., 2020). Given the relative success of CNNs 

across a range of domains, we argue that a systematic 

investigation of the application of CNNs for blending 

the diverse bands of S1 and S2 will likely help us 

determine the optimal combination for improved 

flood inundation mapping. Combinations of optical 

and radar satellite images based on deep learning 

techniques have been proposed to address tasks such 

as land cover change detection (Liu et al., 2018), 

river discharge estimation (Tarpanelli et al., 2019) 

and land cover (Ienco et al., 2019). However, the 

same opportunity has not been fully exploited yet in 

the context of flood inundation mapping tasks.  

Therefore, in this study we apply a special 

type of CNN known as U-Net [Ronneberger et al., 

2015] successful in binary segmentation tasks to 

learn flood inundation mapping from S1 and S2 

bands utilizing hand labeled flood inundation data 

covering 11 flood events across the globe [Bonafilia 

et al., 2020]. By training U-Net on different 

combinations of S1 and S2 on a dataset which spans 

across multiple land cover regions, we develop a 

classification approach more robust than prior 

studies which have trained on less extensive data and 

simpler classification algorithms. Overall, to the best 

of our knowledge, no other study has jointly 

evaluated 1) the sensitivity of combination of S1 and 

S2 bands on the performance of flood inundation 

mapping in the context of deep learning and 2) the 

robustness of performance of the band combinations 

for flood inundations across a dataset with diverse 

land cover spanning across 5 continents.               

 Through this study, we aim to address the 

following questions: 1) What are the optimal 

combination of S1 and S2 bands for flood inundation 

mapping through deep learning approaches? 2) Does 

the combination of S1 and S2 perform better than the 

individual performance of S1 and S2? To address 

these questions we structure the rest of the article as 

follows: the study sites and its associated data are 

introduced in Section 2; Section 3 describes the deep 

learning architecture for flood inundation mapping 

from radar/optical data and the experimental 

settings; Section 4 discusses the evaluation results. 

Finally, Section 5 concludes the work. 

Data:  

For this study, we used a recently introduced 

georeferenced flood label data i.e. Sen1Floods11 

(Bonafiell et al., 2020) which provides flood 

inundation labels spanning over 11 flood events 

across the world (Figure1 and Table 1). This dataset 

contains human annotated flood labels generated for 

446 images at 10-meter resolution at 512 × 512 

dimensions. The dataset further provides 

corresponding Sentinel 1 and Sentinel 2 bands for the 

labeled flood events. For our study, we use all the 

446-human supervised images for our deep learning 

model evaluation. These 446 images are selected by 

stratified sampling from a larger pool of 4385 images 

for the above mentioned 11 flood events. As Sentinel 

2 has bands at varying resolutions, all bands are 

resampled linearly to 10 m resolution for common 

comparison. Further details on the Sen1Floods11 

dataset characteristics are provided in Bonafiell et 

al., (2020). In addition to the data from 

Sen1Floods11, we also use elevation data derived 

from Shuttle Radar Topography Mission (SRTM) 

with a resolution of 30-meters. SRTM used two 

single-pass interferometers to produce a global 

digital elevation model (DEM) [Yang et al., 2011].  
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Figure 1: Locations of flood events sampled in Sen1Floods11 (adopted from Bonafilia et al., 2020) 

 

Table 1: Flood events sampled in Sen1Floods11 dataset 

ID Country S2 Date S1 Date Rel. orbit Orbit VH Threshold  

1 BOLIVIA 2/15/2018 2/15/2018 156 Descending <-20.44 

2 GHANA 9/19/2018 9/18/2018 147 Ascending <-22.81 

3 INDIA 8/12/2016 8/12/2016 77 Descending <-21.56 

4 VIETNAM 8/4/2018 8/5/2018 26 Ascending <23.06 

5 NIGERIA 9/20/2018 9/21/2018 103 Ascending <-21.94 

6 PAKISTAN 6/28/2017 6/28/2017 5 Descending <-19.56 

7 PARAGUAY 10/31/2018 10/31/2018 68 Ascending <-19.94 

8 SOMALIA 5/5/2018 5/7/2018 116 Ascending <-21.06 

9 SPAIN 9/18/2019 9/17/2019 110 Descending <-25.13 

10 SRI LANKA 5/28/2017 5/30/2017 19 Descending <-21.69 

11 USA 5/22/2019 5/22/2019 136 Ascending <-22.62 

 

The 30-meter SRTM DEM is void-filled 

using elevation data from various other sources. To 

match the resolution of sentinel bands (both S1 and 

S2), SRTM DEM data was resampled linearly to 10-

meter resolution. This resampled data is used as an 

ancillary input for our deep learning algorithm.  

Methodology:  

In this section, we describe the following 

aspects: (1) Preprocessing of S2 data, (2) The 

experimental setup, (3) Architecture of the CNN 

model, and (4) Evaluation of the deep learning model 

performance.  

Preprocessing of S2 data:  

As S1 SAR has only two available bands with 

VV and VH polarizations, we use them directly in 

the machine learning setup without making any  



 
Table 2: Sentinel 2 Water Spectral indices formulation and their corresponding references 

Index Reference 

MNDWI = (GREEN – SWIR1) / (GREEN + SWIR1) Xu, 2006 

NDWI = (GREEN – NIR) / (GREEN + NIR) McFeeters, 1996 

AWEI = 4* (GREEN − SWIR1) − (0.25 * NIR + 2.75 ∗ SWIR2) Feyisa et al., 2014 

AWEISH = BLUE + 2.5 * GREEN – 1.5 * (NIR + SWIR1) – 0.25 * SWIR2 Feyisa et al., 2014 

further combinations/indices. However, the 12 bands 

in S2 allow the possibility to specify several 

combinations of bands. Boschetti et al., [2014] have 

indicated that spectral indices which contains the 

bands of visual spectra with wavelength (µm) 

between 0.5 to 0.7 and near infrared spectra with a 

wavelength(µm) 0.7 to 1.1 have been successful in 

delineating water on land. Therefore, we evaluated 

the spectral indices based on a set of S2 bands which 

can detect water features within the specified 

wavelength ranges (Table 2). In addition to the 

spectral indices, S2 Short Wave Infrared Radiation 

(SWIR2), Near Infrared Radiation (NIR), red bands 

were transformed to Hue, Saturation and Value 

(HSV) color space. Water can be effectively 

delineated by defining a relation between H, S and V 

components (Pekel et al., 2016, 2014). HSV 

transformation was initially developed for spectral 

bands of MODIS (Pekel et al., 2014). Subsequently, 

Landsat data is manually classified based on HSV 

values to map global water (Pekel et al., 2016). The 

SWIR2, NIR, red values are assigned to red, green, 

and blue colors (RGB) respectively and transformed 

into the HSV color space using a standardized 

colorimetric transformation (Smith, 1978), as shown 

in Eqs. (1), (2), (3).   

𝑉 = max⁡(𝑅, 𝐺, 𝐵)                                  (1)                                                                        

 

𝑆 = 𝑉 −min(𝑅, 𝐺, 𝐵)                             (2)                                                                    

𝐻 =

{
 
 

 
 

0, 𝑖𝑓⁡𝑉 = min(𝑅, 𝐺, 𝐵)

(60°⁡ ×
𝐺−𝐵

𝑉−min(𝑅,𝐺,𝐵)
+ 360°)𝑚𝑜𝑑⁡360°, 𝑖𝑓⁡𝑉 = 𝑅

60°⁡ ×
𝐵−𝑅

𝑉−min(𝑅,𝐺,𝐵)
+ 120°, 𝑖𝑓⁡𝑉 = 𝐺

60°⁡ ×
𝑅−𝐺

𝑉−min(𝑅,𝐺,𝐵)
+ 240°, 𝑖𝑓⁡𝑉 = 𝐵

⁡     

                 (3) 

Hue (H), is expressed in degrees with range of 0°–

360°, representing spectral composition of color. 

Value (V) can be defined as the brightness of color. 

Saturation (S) quantifies the distance of a color from 

a grey of equal brightness.  

 

Experimental setup:  

The 446 images used in this study are derived 

from different events spanning across 11 countries. 

For this study, we adopt a modified k-fold cross 

validation approach to train and test our experimental 

setup. This modified k-fold approach is implemented 

as follows 

1. From the pool of eleven countries, randomly 

select nine countries   

2. The training dataset for each of repetition in 

k-fold approach is augmented fourfold by 

flipping the S1, S2 and ground truth images 

up, down, right and left. 

3. Train the deep learning algorithm on all the 

flood events for the selected nine countries  

4. Evaluate the performance of trained deep 

learning algorithm on all the flood images 

from remaining two countries 
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5. Repeat the process for k = 10 by again 

randomly selecting nine countries for training 

and two for testing with a different 

combination.   

6. Summarize the skill of the approach by using 

a median of model evaluation scores across 

all the test samples for all k=10 folds.  
 

By using a testing subset from countries which are 

not used in training, we avoid spatial autocorrelation 

which is likely in the context of geo-spatial 

segmentation [Scratz et al., 2019]. In addition to that, 

for each of the 10 folds, the deep learning model is 

trained/tested on different subset decreasing the 

overall bias. For all the combinations, a separate set 

of experiments with DEM as an additional input to 

combination bands of S1 and S2 are also run. By 

using DEM data as an additional input, we can 

evaluate whether the S1 and S2 combinations 

through deep learning algorithms can distinguish the 

drainage areas without any elevation information.   

Firstly, in case of Sentinel 1, we use both 

VV/VH bands to establish the benchmark 

performance of S1 for flood inundation mapping. In 

case of S2, the combined spectral indices of NDWI 

and MNDWI (referred as cNDWI), AWEIsh and 

AWEInsh (cAWEI) and their combination is  

 

Figure 2: U-net architecture adopted for segmentation of water extents 

 

provided as input to our deep learning algorithm 

(Table 2). Also, the HSV bands and their 

combination with spectral indices are used in our 

experiment. We also want to investigate if the raw 

bands used in cNDWI, cAWEI and HSV can also 

produce similar performance compared to their 

spectral index counterparts. Therefore, we also 

evaluate our deep learning algorithm using the raw 

bands named as rNDWI, rAWEI and rHSV and their 

combinations. Finally, all the S2 band configurations 

are combined with S1 to evaluate the effectiveness of 

S1 and S2 combinations. Overall, a total of 32 

combinations are formulated in our experimental 

setup (Table 3)



Table 3: Input experiment design and their corresponding descriptions  

Experime

nt ID 
Input name Input description 

1 S1 VV and VH bands of S1 

2 S1+DEM VV and VH bands of S1 + 10 M resampled SRTM 30 M DEM 

3 cAWEI NDWI and MNDWI indices of S2  

4 cAWEI+DEM 
NDWI and MNDWI indices of S2 + 10 M resampled SRTM 30M 

DEM 

5 cNDWI AWEIsh and AWEInsh indices of S2  

6 cNDWI+DEM 
AWEIsh and AWEInsh indices of S2 + 10 M resampled SRTM 30M 

DEM 

7 HSV HSV transformation of S2 RGB Bands 

8 HSV+DEM 
HSV transformation of S2 RGB Bands + 10 M resampled SRTM 

30M DEM 

9 rNDWI Bands used for computing NDWI and MNDWI from S2 

10 rNDWI+DEM 
Bands used for computing NDWI and MNDWI from S2 +10 M 

resampled SRTM 30M DEM 

11 rAWEI Bands used for computing AWEIsh and AWEInsh from S2 

12 rAWEI+DEM 
Bands used for computing AWEIsh and AWEInsh from S2 +10 

M resampled SRTM 30M DEM 

13 rHSV Bands used for computing HSV from S2 

14 rHSV+DEM 
Bands used for computing HSV from S2 +10 M resampled 

SRTM 30M DEM 

15 cAWEI+cNDWI NDWI, MNDWI, AWEIsh and AWEInsh indices of S2  

16 cAWEI+cNDWI+DEM 
NDWI, MNDWI, AWEIsh and AWEInsh indices of S2 + 10 M 

resampled SRTM 30M DEM 

17 HSV+cAWEI+cNDWI 
HSV transformation of RGB Bands , NDWI, MNDWI, AWEIsh and 

AWEInsh of S2  

18 HSV+cAWEI+cNDWI+DEM 
HSV transformation of RGB Bands ,  NDWI, MNDWI, AWEIsh and 

AWEInsh of S2 + 10 M resampled SRTM 30M DEM 

19 rAWEI+rNDWI 
Bands used for computing NDWI, MNDWI, AWEIsh and AWEInsh 

indices of S2  

20 rAWEI+rNDWI+DEM 
Bands used for computing NDWI, MNDWI, AWEIsh and AWEInsh 

indices of S2 + 10 M resampled SRTM 30M DEM 

21 rHSV+rAWEI+rNDWI 
Bands used for computing HSV transformation, NDWI, MNDWI, 

AWEIsh and AWEInsh of S2  

22 rHSV+rAWEI+rNDWI+DEM 
Bands used for computing HSV transformation,  NDWI, MNDWI, 

AWEIsh and AWEInsh of S2 + 10 M resampled SRTM 30M DEM 

23 S1+cAWEI VV , VH (S1), NDWI and MNDWI (S2) 

24 S1+cAWEI+DEM 
VV , VH (S1), NDWI and MNDWI (S2) + 10 M resampled SRTM 

30M DEM 

25 S1+cNDWI VV , VH (S1), AWEIsh and AWEInsh (S2) 

26 S1+cNDWI+DEM 
VV , VH (S1), AWEIsh and AWEInsh (S2) + 10 M resampled 

SRTM 30M DEM 

27 S1+cAWEI+cNDWI VV , VH (S1), NDWI, MNDWI, AWEIsh and AWEInsh (S2)  



28 S1+cAWEI+cNDWI+DEM 
VV , VH (S1), NDWI, MNDWI, AWEIsh and AWEInsh (S2) + 10 

M resampled SRTM 30M DEM 

29 S1+HSV VV , VH (S1), HSV, NDWI, MNDWI, AWEIsh and AWEInsh (S2) 

30 S1+HSV+DEM 
VV , VH (S1), HSV, NDWI, MNDWI, AWEIsh and AWEInsh (S2) 

+ 10 M resampled SRTM 30M DEM 

31 S1+cAWEI+cNDWI+HSV VV , VH (S1) and HSV(S2) 

32 
S1+cAWEI+cNDWI+HSV+D

EM 
VV , VH (S1) and HSV(S2) + 10 M resampled SRTM 30M DEM 

 

U-Net Architecture:  

The CNN architecture applied for flood 

segmentation is U-Net as illustrated in Figure 1. U-

Net is designed originally for the task of segmenting 

biomedical imagery [Ronneberg et al., 2016] 

targeted for applications which have relatively 

smaller number of training images and to yield 

segmentation at the same resolution as the input 

image. U-Net architecture consists of two parts (i.e. 

encoder and decoder) (Figure 1). Important features 

are extracted through the encoder part of the U-Net 

model through a downsampling process. The 

decoder uses these features as an input and builds 

back the spatial information of the input through an 

upsampling process. This upsampling and 

downsampling process of U-Net architecture can 

systematically combine low-level features and high-

level features, while performing element-wise 

segmentation from multiple features. U-Net also 

incorporates skip connections to capture precise 

locations, at every step of the decoder as shown in 

the figure 1. These skip connections concatenate the 

output of the decoder layers with the feature maps 

from the encoder at the same level making the 

segmentation of pixels more precise. More details on 

the U-Net architecture and its recent applications can 

be found in Du et al., (2020).  

We use Keras coupled with TensorFlow to train 

and test all our models. As our goal is to evaluate the  

S1 and S2 combination rather than train the best 

possible models, we do not perform an exhaustive 

hyperparameter search. We use the Adam optimizer 

with a base learning rate of 5e-4 and a weight decay 

coefficient of 1e-2 [KingMa and Ba, 2014]. Each of 

32 combinations in Table 3 is trained separately 

using a single NVIDIA V100 GPU. All the models 

are trained for 500 epochs. Finally, models obtained 

at the end of epoch is selected for representing model 

performance.    

Evaluation criteria:  

In a binary segmentation study such as flood 

inundation, two outcomes which correspond to water 

and non-water regions are possible. The output can 

be classified as (1) True Positive (TP): where water 

pixels are correctly classified as water; (2) True 

Negative (TN), where non-water pixels are correctly 

classified as non-water regions; (3) False Positive 

(FP): non-water pixels incorrectly classified as water 

(4) False Negative (FN): water pixels incorrectly 

classified as non-water. 

Based on these outputs, pixel accuracy which 

determines the percentage of pixels correctly 

classified can be computed. However, as accuracy 

computes this percentage irrespective of classes, it 

can be misleading when the class of interest (i.e. 

water) has relatively low number of pixels. To avoid 

this, Precision, Recall, and F1 scores are commonly 

used. Precision and Recall are interdependent 

measures of over and under-segmentation Low 

values of Precision and Recall indicates over-

segmentation and under-segmentation, respectively. 

F1 score is the harmonic mean of Precision and 

Recall scores capturing both the aspects as a single 

metric.  

Precision illustrates how many of the predicted 

water pixels matched the water pixels in the 

annotated labels. It can be calculated as  

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = ⁡
𝑇𝑃

𝑇𝑃+𝐹𝑃
                          (4) 

Whereas Recall denotes how many have been 

predicted as water pixels by our deep learning model. 

It can be defined as:  



𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                      (5) 

For an image to be classified accurately, both 

Precision and Recall should be high. For this 

purpose, F1 score, is often used as a tradeoff metric 

to quantify both over- and under-segmentation into 

one measure. 

𝐹1⁡𝑆𝑐𝑜𝑟𝑒 = ⁡
2×𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
            (6)                      

We evaluate the performance of 32 input 

combinations as follows  

1) For each of the 32 input combinations, we 

generate flood inundation maps for test 

datasets belonging to all K =10 folds. 

2) Compute F1 score, Precision and Recall 

metrics separately for each individual image 

in test dataset across all the 10 folds. 

3) Then for all 10 folds, median of all the three 

metrics is computed and reported. 

 

 

Results:  

Performance metrics of input combinations: 

As highlighted before, ability of S1 and S2 

data inputs to map flood inundation with and without 

DEM is measured by three metrics of F1 score, 

Precision and Recall (Table 4). F1 score, Precision 

and Recall metrics of each individual image in test 

dataset across all 10 folds was first computed. Then 

performance of each input combination is 

determined as median of individual metrics across all 

the folds. Further, non-parametric Kruskal–Wallis 

test is performed to determine if there is a statistically 

significant difference between medians of two band 

combinations. In our case, two band combinations 

are deemed to be significantly different, if the p-

value is lesser than 0.05. Figure 3 presents results of 

Kruskal-Wallis test in form of matrix. Statistically 

significant differences between performance metrics 

on the rows and columns are indicated by the symbol 

● in figure 3. Green (red) color indicates the 

performance of input combination on row is higher 

 

 

Table 4: Modified K-fold based median performance metrics for S1 and S2 inputs 

 

F1 Precision Recall Input data Type 

0.62 0.59 0.88 S1 
Original Bands 

0.73 0.68 0.86 S1+DEM 

0.89 0.85 0.93 cAWEI 

Feature engineered bands 

0.88 0.86 0.93 cAWEI+DEM 

0.89 0.86 0.93 cNDWI 

0.88 0.86 0.93 cNDWI+DEM 

0.90 0.89 0.94 HSV 

0.90 0.89 0.93 HSV+DEM 

0.87 0.86 0.92 rNDWI 

Original Bands 

0.88 0.87 0.91 rNDWI+DEM 

0.88 0.87 0.92 rAWEI 

0.88 0.85 0.93 rAWEI+DEM 

0.86 0.86 0.89 rHSV 

0.87 0.85 0.91 rHSV+DEM 

 (lower) than that of input combination on the 

column. Performance metrics in Table 4, indicate 

that only S1 imagery as an input has the least F1 

score of 0.62 among individual S1 and S2 inputs to 



U-Net. Low F1 score of S1 is a case of under-

segmentation as expressed by a low precision score 

of 0.58. However, S1’s performance improved with 

added use of DEM to a median F1 score of 0.73 from 

0.62. This increase in performance of S1+DEM is 

due to improvement in under-segmentation as 

represented by a relatively better precision score of 

0.68.  

 

 

 
Figure 3: Outcome of Kruskal-Wallis test between the input combinations in rows and columns. The statistically 

significant differences between the performance metrics on the rows and columns are indicated by the symbol ●. 

Green (red) color indicates the performance of the input combination on the row is higher (lower) than that of the 

input combination on the column. 

Our results indicating an improved S1 

performance with added use of DEM is not 

surprising as elevation data distinguishes the 

potential flood plains from other regions and has 

been used previously for numerous flood inundation 

studies (Saksena & Merwade, 2015; Zheng et al., 

2018; Musa et al., 2015). Note that the use of S1 SAR 

data without DEM only provides moderate skill in 

mapping the flood inundation. For instance, Figure 4 

shows an instance of flood over a location in 

southeastern Paraguay in S1 images acquired on 

October 31, 2018 (Table 1 and Figure 1).  The U-Net 

trained with S1 SAR data without DEM was unable 

to detect the flood extent in Paraguay despite 



presence of a clear contrast in VV and VH 

backscatter (Figure 4 (B), (C), (D), (F)). However, 

using DEM (Fig 4 (A)) as an ancillary input 

dramatically improves the U-net ability to detect 

water extent indicating no deficiency in U-Net 

architecture (Figure 4 (E)). Further, speckle noise in 

S1 SAR images and its imperfect filtering can also 

lead to false positives in classified flood maps 

(Schmitt, 2020; Gulácsi, A., & Kovács, 2020).  

 

 
Figure 4: Flood inundation mapping inputs of (A) Elevation, (B) VV and (C) VH backscatters for a location in 

Paraguay. The lower panel represents the flood inundation extent by (D) ground truth, produced by U-Net when 

using (E) S1+DEM as input and (F) S1 as input. 

In case of all S2 spectral indices with and 

without DEM, high F1 scores with median F1 scores 

ranging between 0.88 to 0.9 values can be observed. 

These higher F1 scores are due to both high 

Precision and Recall values indicating a balance 

between over and under-segmentation in case of S2 

spectral indices. There does not appear to be any 

significant advantage in combining DEM with any of 

spectral indices unlike the case of S1 imagery. 

However, in comparison to S1, the performance of 

all the S2 based spectral indices have a statistically 

significant increase in terms of F1, precision as well 

as recall scores (Figure 3). However, we must note 

that Recall scores have increased by a lesser extent 

indicating an improvement in over-segmentation in 

few cases. Also, in comparison to water indices 

(cNDWI and cAWEI), the performance of flood 

inundation mapping using HSV transformation of S2 



bands has a statistically significant better 

performance with median F1 score value of 0.9.   

Interestingly, U-Net based flood mapping 

performance using raw bands of S2 water indices 

(rNDWI and rAWEI) are similar as compared to 

cNDWI and cAWEI (Figure 3 and Table 4). This 

indicates that the U-Net algorithm was able to learn 

features that are at least as meaningful as spectral 

indices for flood segmentation. However, in case of 

HSV, raw band’s performance (rHSV) is 

comparatively lower, but like the performance of 

spectral indices. Unlike the case of spectral indices, 

U-net algorithm was unable to capture the relation 

between HSV transformations and their 

corresponding raw bands leading to relatively lower 

F1 score than its feature engineered counterpart. This 

differential performance of a deep learning model 

might be related to degree of computation 

complexity involved in the considered spectral 

indices and HSV transformation. Table 2 and 

equation 1-3 indicate that the spectral indices 

computation is relatively simpler than HSV. 

Therefore, based on our training data size and hyper-

parameters, U-net may have captured the 

representation of spectral indices but not that of HSV 

transformation.     

 

 
 

Figure 5: Flood inundation mapping inputs of (A) Elevation, (B) False color composite of S1 data and (C) False 

color composite of S2 for a location in India. The lower panel represents the flood inundation extent by (D) ground 

truth, produced by U-Net when using (E) S1+DEM as input and (F) HSV + DEM as input.    



Distinct visual contrasts between water and 

non-water pixels in S2 based indices over S1 may be 

a plausible reason for the better performance of S2 

based indices. For instance, Figure 5 shows an 

instance of flood in northeastern part of India from 

S1 and S2 images acquired on August 12, 2016 

(Figure1 and Table 1). The false color composite 

(FCC) of S1 bands (Figure 5 (A),(B)) can clearly 

distinguish the meandering river in the south west 

region and the wetland in north east region, but was 

unable to capture the flooded agricultural lands 

which are in the northern regions. As a result, the U-

net was able to produce flood extent only across 

those previously identified regions by S1’s FCC 

image (Figure 5 (E)). However, the FCC of S2 bands 

was able to distinguish the flooded agricultural land, 

wetlands as well as the meandering rivers (Figure 5 

(F)) and have produced a nearly identical map as 

shown in the hand labeled ground truth images 

(Figure 5 (D)). Hence, the resulting prediction of 

HSV based transformation of S2 data has captured 

the flood area extents across all the land types. This 

superior performance of HSV may be due to the 

better spectral correlation of band pixels with water 

characteristics (Huang et al., 2018).  

 

Table 5: Modified K-fold based median performance metrics for combinations within S2 inputs 

F1 Precision Recall Input data Type 

0.86 0.85 0.91 cAWEI+cNDWI 

Feature Engineered 

bands 

0.88 0.86 0.91 cAWEI+cNDWI+DEM 

0.90 0.89 0.92 HSV+cAWEI+cNDWI 

0.90 0.88 0.93 HSV+cAWEI+cNDWI+DEM 

0.87 0.85 0.91 rAWEI+rNDWI 

Original bands 
0.87 0.86 0.90 rAWEI+rNDWI+DEM 

0.88 0.85 0.91 rHSV+rAWEI+rNDWI 

0.86 0.84 0.92 rHSV+rAWEI+rNDWI+DEM 

 

Table 6: Modified K-fold based median performance metrics for combinations of S1 and S2 inputs 

F1 Precision Recall Input data 

0.88 0.86 0.90 S1+cAWEI 

0.87 0.82 0.93 S1+cAWEI+DEM 

0.88 0.88 0.91 S1+cNDWI 

0.89 0.86 0.92 S1+cNDWI+DEM 

0.88 0.85 0.94 S1+cAWEI+cNDWI 

0.89 0.85 0.94 S1+cAWEI+cNDWI+DEM 

0.90 0.90 0.92 S1+HSV 

0.90 0.90 0.93 S1+HSV+DEM 

0.90 0.90 0.92 S1+cAWEI+cNDWI+HSV 

0.90 0.90 0.93 S1+cAWEI+cNDWI+HSV+DEM 

 

 

 

 



Combinations within S2 imagery:  

The previous performance results of 

individual spectral indices indicate that HSV 

transformation has superior performance in mapping 

floods across the globe. But, in these three indices, 

there are some non-overlapping S2 spectral bands 

and their combinations might result in further 

improvement in performance. Therefore, it makes 

sense to investigate how the combinations within S2 

imagery such as combining cAWEI , cNDWI and 

HSV transformation would perform compared to the 

individual indices (Table 5). The combinations 

within S2 bands have indicated that, there does not 

appear to be any significant advantage by the 

combination approach. Even though there is a slight 

decrease in median F1 score for the combined 

spectral indices (cAWEI + cNDWI) when compared 

to the individual indices, it is still statistically 

insignificant (Figure 3). By combining all three S2 

index approaches, we obtain a performance similar 

to the performance HSV alone. Therefore, our results 

indicate that overall, even if there are non-

overlapping bands in our experimental setup, 

combining spectral indices and HSV has no added 

advantage in terms of performance.   

 

 
 

Figure 6: Flood inundation mapping inputs of (A) Elevation, (B) VV and (C)VH backscatter intensities of S1 data 

and (D) False color composite of S2 for a location in Ghana. The lower panel represents the flood inundation 

extent by (E) ground truth, U-Net produced flood masks when using (F) S1+DEM as input and (G) HSV + DEM 

as input and (H) fusion of HSV and S1+DEM as input.    



Combinations of S1-SAR and S2-spectral 

imagery:  

We combined S1 SAR and S2 based spectral 

indices to test whether there is a significant 

advantage in performance due to their combination 

and examine if there is an optimal combination of S1 

and S2. Therefore, all the combinations of S1 and S2 

spectral indices are tested (Table 6). Combining S1 

and S2 indices indicated that their performance did 

not change significantly when compared to the 

performance of individual S2 indices. For instance, 

the performance of flood mapping when using 

cAWEI, cNDWI and HSV is not significantly 

different when compared to the performance of S1+ 

cAWEI , S1+ cNDWI and S1+HSV (Figure 3). All 

the best performing input combinations have HSV as 

a part of their combination. However, the 

performance of these input combinations is not 

significantly different from each other and are 

similar to the performance of HSV alone. Even 

though the combination of S1 and S2 data has 

relatively no performance improvement in 

comparison to individual S2 indices in detecting the 

flood water extents, it is important to clarify that the 

U-net trained with cloud obscured S2 images still 

cannot efficiently detect flood extents. An example 

instance is shown in Figure 12 for a flooding case 

over central Ghana using S1 and S2 images acquired 

on September 18-19, 2016 (Table 1 and Figure 1).  

The DEM shows a narrow strip of low elevation 

indicating a potentially narrow river (Figure 6 (A)). 

VV (Figure 6 (B)) and VH (Figure 6 (C)) 

backscatters show a complete picture of flood plain 

surrounding the river and other flood inundated 

regions across the plains. FCC of S2 indicated a total 

cloud coverage over a flooded region in Ghana 

(Figure 6 (D)). Consequently, the S1 predicted 

flooded regions (Figure 6 (F)) have captured the 

flooded extent similar to ground truth (Figure 6 (E)) 

with some flood plains areas being overestimated. 

Despite, the huge cloud coverage, the HSV 

transformation of S2 data could capture the flood 

plains in the Southwest region and some other 

patches across the map (Figure 6 (G)). But it could 

not capture the river segment due to the dense cloud 

coverage. However, the fusion of both S1 backscatter 

and S2’s HSV transformation has resulted in a more 

accurate representation of flood extent without any 

overestimation across the flood plains (Figure 6 (H)). 

Since, Sens1Floods11 dataset is curated to exclude 

majority of the satellite imagery with clouds, we 

could not find the significant advantage in our 

experiments. However, in presence of clouds, the 

fusion of S1 and S2 will have an added advantage.  

Discussion: 

Our results indicate that even though the SAR 

data is not affected by cloud cover, poor contrast 

between VV and VH backscatter affects S1 data’s 

flood inundation mapping performance. F1 score for 

S1 based flood water mapping varied between 0.65 

to 0.91 in previous studies depending on the location 

and approach [Bioresita et al., 2018, Liang and Liu, 

2020]. Therefore, the F1 score of 0.62 obtained in our 

case compares reasonably well to these studies. Our 

current configuration performs semantic 

segmentation with a single-trained model for the 

entire dataset. Previous studies have suggested that 

this may lead to poor accuracy due to unclear 

backscatter conditions in case of S1 of the inundated 

areas in different land cover features [Manakos et al., 

2020]. Therefore, a land cover specific ensemble of 

deep learning models or pixel centric approaches can 

be used to improve the performance [Huang et al., 

2018; Pham-Duc et al., 2017]. Additionally, the 10-

meter resampled SRTM 30M - DEM improves S1 

data’s flood mapping abilities. This can be attributed 

to the identification of low lying flood plains 

(Manfreda et al., 2015; Samela et al., 2016) in the 

elevation data. Also, in urban areas, elevation data 

can help us to distinguish the areas of urban ground 

surface which may not be visible due to radar 

shadowing and building layovers preventing 

misclassification of flooded water extent [ Soergel et 

al., 2003]. Further, DEMs can helps us distinguish 

roads and tarmac areas have a low backscatter similar 

to water creating a misclassification [Mason et al., 

2014]. But given the dependence of flood inundation 

mapping on elevation data’s spatial resolution (Haile 

and Rientjes, 2005; Fereshtehpour, and Karamouz, 

2018), further studies should consider the sensitivity 

of flood inundation map’s performance to the DEM 

spatial resolution as well as the data source.  



S2 based spectral indices are generally better 

than S1 based SAR data for mapping flood extents 

due to stronger correlations between spectral features 

of S2 bands with respect to water surfaces in the 

cloud-free S2 images (Boschetti et al., 2014; Klein et 

al., 2017; Bonafilia et al., 2020). Also, our results 

which state that the S2 has better performance than 

S1 is similar to conclusion obtained by Bonafilia et 

al., 2020.  In particular, the HSV transformation of 

RGB bands in S2 satellite data has a statistically 

significant superior performance in comparison to 

conventional water spectral indices probably due to 

improved contrast between water and non-water 

surface in HSV components (Pekel et al., 2014, 

2016). However, the difference in performance 

between HSV and spectral indices is relatively low. 

The performance of S1 and S2 combinations for 

flood water mapping was not significantly different 

from the individual S2 indices’ performance. This is 

not surprising in our case, as the Sen1Floods11 

dataset has relatively a smaller number of satellite 

imagery with clouds. But, in satellite imagery with 

clouds, the fusion of S1 and S2 imagery has 

performed significantly better than individual S2 

indices as demonstrated in figure 6. In addition to 

that, previous studies have also indicated in the 

fusion approach, S2 bands’ inability in penetrating 

clouds is complemented by the SAR’s ability to map 

water extent during cloud cover.  

Interestingly, U-Net algorithm’s 

performance using cNDWI/cAWEI in segmenting 

water inundated areas is similar to that of using raw 

bands used for computing NDWI/AWEI indicating 

the ability of U-Net to learn the features with similar 

characteristics as spectral indices for flood 

segmentation as a part of its encoder operations. 

However, the U-Net algorithm’s performance using 

S2 bands transformed to HSV is superior compared 

to that of using raw S2 bands. This may be due to the 

relatively shorter data record for training the U-Net 

algorithm, or inability of the U-net to capture the 

relatively complex formulation of HSV. Therefore, 

relatively complex feature engineering such as HSV 

transformation may be performed before training the 

deep learning algorithm for flood inundation 

mapping.      

 U-net architecture (Ronneberger et al., 2015) 

has been previously proven to efficient in 

segmentation of binary classes. Even though our 

focus was to explore the diverse bands of S2 and S1 

for flood mapping, our adopted configuration of U-

Net has performed well in delineating the flooded 

regions. In this work, we modified the U-Net 

configuration to accept S1 and S2 bands instead of 

the traditional RGB bands to delineate flood floods 

using Multi-spectral and SAR imagery. However, in 

case of S1, our modified U-Net’s inability to find a 

robust threshold which is sensitive enough to identify 

the contrast between water and non-water pixels 

based on SAR VV and VH backscatter frequencies 

has resulted in decreased performance in some 

flooded regions. This may be achieved through 

modification of convolution configurations, 

activation functions and loss functions in U-Nets 

paving way for future research. In addition, 

benchmarking different deep learning architectures 

for flood inundation mapping using the 

Sen1Floods11 dataset can be investigated.   

Conclusions 

In this paper we explored the diverse bands 

of S2 and S1 satellites along with combinations for 

flood inundation mapping through a deep CNN 

model known as U-Net to train, validate and test 

against manually annotated pixel level flood 

inundated images. Our results indicate that using 

DEM as an ancillary data can improve the 

performance of U-net when using S1 imagery as 

input. However, U-Net algorithm has shown a better 

performance when using S2 bands when compared 

to S1 bands, likely due to better spectral correlation 

between optical sensor output and water features. In 

addition, there is minimal influence of DEM 

ancillary on the median performance of S2 bands. 

Among the S2 metrics, the U-Net with the HSV 

transformation of RGB bands outperforms the 

established spectral indices such as AWEIsh, 

AWEInsh, NDWI and MNDWI owing to its superior 

visual contrast segmentation. The U-Net algorithm 

was able to learn the relationship between raw S2 

bands and cNDWI and cAWEI, but not of HSV 

owing to relatively complex computation involved in 

the latter. Therefore, based on our training data size 



and hyper-parameters, U-net may have captured the 

representation of spectral indices but not that of HSV 

transformation. These results also show that 

automatic flood detection is possible when an 

appropriate water index technique is being used. The 

extension of our approach to benchmark the 

performance of different deep learning architectures 

for flood water segmentation is left for a future work.       
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