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Abstract 12 

This study evaluates the performance of convolutional neural networks for semantic segmentation of water bodies 13 

in very high-resolution satellite and aerial images from multiple sensors with particular focus on flood emergency 14 

response applications. Different model architectures (U-Net and DeepLab-V3+) are combined with encoder 15 

backbones (MobileNet-V3, ResNet-50 and EfficientNet-B4) and tested for their ability to delineate inundated 16 

areas under varying environmental conditions and data availability scenarios. An unprecedented reference dataset 17 

of 1,120 globally sampled images with quality checked binary water masks is introduced and used to train, validate 18 

and test the models for water body segmentation. Furthermore, independent test datasets are developed to test the 19 

generalization ability of the trained models across regions, sensors (IKONOS, GeoEye-1, WorldView-2, 20 

WorldView-3 and four different airborne camera systems) and tasks (normal water and flood water segmentation). 21 

Results indicate that across all tested scenarios a U-Net model with Mobilenet-V3 backbone pre-trained on 22 

ImageNet performs best. While using R-G-B image bands performs well, adding the near infrared band (if 23 

available) slightly improves prediction results. Similarly, adding slope information from an independent digital 24 

elevation model increases accuracies. Train-time augmentation and contrast enhancement could improve 25 

transferability across sensors and in particular between satellite and aerial images. Moreover, adding noisy training 26 

data from freely available online resources could further improve performance with minimal annotation effort. 27 
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1 Introduction 31 

Very high-resolution optical satellite and aerial images (in the following defined as having a ground 32 

sampling distance < 4 m and spectral bands in the visible and near infrared part of the electromagnetic 33 

spectrum) are frequently requested during rapid mapping activations to gain situational awareness about 34 

large-scale flood disasters (Martinis et al., 2017; Voigt et al., 2016). Near-real time information about 35 

(flood) water extent and affected infrastructure are amongst the most critical components that can be 36 

delivered by this kind of images to support prioritization of response actions. The tasking capability of 37 

some of the satellite imaging platforms and the fact that airborne sensors can acquire images at any (day) 38 

time and below cloud-coverage makes them particularly favourable for time-critical emergency response 39 

applications. These can provide a valuable supplement to systematically acquiring satellites with 40 

Synthetic Aperture Radar (SAR) or multi-spectral sensors, like Sentinel-1, Sentinel-2 or Landsat. These 41 

satellites acquire images at lower spatial resolution (~10-30 m) and on a regular schedule usually every 42 

couple of days depending on the area of interest. Hence, very high-resolution optical satellite and aerial 43 

images help to fill temporal acquisition gaps and provide more spatial details of an ongoing disaster 44 

situation. 45 

To assure that geo-information products have the highest possible spatial and temporal resolutions and 46 

information content, it is crucial that algorithms used for remote sensing image-based emergency 47 

mapping are able to simultaneously use data from a variety of acquisition platforms and sensors. 48 

Automated water segmentation in this kind of images, however, is a challenging task because of 49 

significant variations in spectral reflectance characteristics, size and shape of water bodies. Compared to 50 

normal water, flood water for example may be characterized by higher contents of sediment and debris. 51 

Vegetation, infrastructure, boats or other vehicles may further interact with the water surface or sub-52 

surface, and also lighting conditions (e.g., sun reflectance on water surface or shadows by buildings or 53 

vegetation) may cause high intra and inter water body variability. The fractal geometry of the land-water 54 

border further increases the complexity of the segmentation task, since the definition of a hard class 55 

boundary may be subjective depending on the image resolution. Moreover, bottom features may be 56 

visible through the water column, especially in clear shallow water bodies, which further increases the 57 

complexity of automated water segmentation. As a result, common operational procedures for remote 58 

sensing image-based emergency flood mapping rely largely on manual image interpretation. 59 

Traditional methods for the segmentation of water bodies mainly focus on thresholding water indices, 60 

such as the Normalized Difference Water Index (NDWI) (McFeeters, 1996). These methods exclusively 61 
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rely on spectral information and require at least one or more image bands in the near- or short-wave 62 

infrared, which negatively impacts their transferability to other sensors. When applied to very high-63 

resolution images such methods, moreover, show a lack of generalization ability, because the more 64 

spatial details are visible, the higher the spectral variability within the water class becomes. To overcome 65 

some of the limitations of simple thresholding methods, supervised machine learning methods such as 66 

Support Vector Machine (SVM) that learn a decision boundary between classes from labelled training 67 

samples and based on hand-crafted features have been applied for water mapping (Ireland et al., 2015). 68 

In recent years, deep learning approaches have shown superior performance on various image analysis 69 

tasks across disciplines. Convolutional Neural Networks (CNNs) are widely used for semantic 70 

segmentation because of their ability to implement nonlinear decision functions and to learn features 71 

directly from raw images by combining convolutional and pooling layers (Ball et al., 2017).  72 

Current semantic segmentation algorithms, such as U-Net (Ronneberger et al., 2015), PSP-Net (Zhao et 73 

al., 2017) or DeepLab-V3+ (Chen et al., 2017) follow an encoder-decoder architecture, which consists 74 

of a down-sampling path to learn dense image features and capture context (encoder) as well as a 75 

symmetric up-sampling path that learns an optimal interpolation of the features to recover the original 76 

image resolution (decoder). U-Net uses skip connections for feature propagation, whereas PSP-Net and 77 

DeepLab-V3+ use spatial pyramid pooling to get contextual features at multiple scales. Dilated 78 

convolutions are utilized by the latter to capture more contextual information without increasing the 79 

number of trainable parameters. Different encoder networks have been proposed in literature, amongst 80 

which the most prominent are VGG-16 (Simonyan and Zisserman, 2015) and ResNet (He et al., 2015a). 81 

These networks are originally intended for image classification, but can be used as feature extractors for 82 

semantic segmentation. Accuracy improvements between different network versions and architectures 83 

have largely been achieved by scaling in depth (adding more layers), width (increasing spatial size of 84 

layers) or resolution (adding more channels per layer). This has mostly been done by manual tuning 85 

which, given the large number of parameters involved, makes finding an optimal performance point 86 

difficult and resource consuming. Tan and Le (2019) showed that scaling all three dimensions uniformly 87 

with a fixed set of scaling factors can improve model performance while keeping resource consumption 88 

minimal (Tan and Le, 2019). They used neural architecture search to develop a novel baseline model and 89 

apply compound scaling to optimize network depth, width, and resolution simultaneously. The main 90 

building blocks of their EfficientNet models are mobile inverted bottleneck blocks (MBConv) with 91 

squeeze-and-excitation optimization (Hu et al., 2020). EfficientNet models outperform other CNNs on 92 

ImageNet (Deng et al., 2009) and several transfer learning benchmark datasets while consistently being 93 
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smaller and thus more efficient than previous models. Howard et al. (2019) also use hardware-aware 94 

neural architecture search to develop Mobilenet-V3, which is particularly light-weight and optimized to 95 

run on limited hardware resources like mobile phone CPUs. Despite their promising characteristics, 96 

Mobilenet-V3 and EfficientNet encoders are not (yet) widely used in remote sensing studies. Other 97 

encoders that have been tested in remote sensing applications include but are not limited to ResNext (Xie 98 

et al., 2017), PSPNet (Yuan et al., 2022) and ShuffleNet (Gomes et al., 2021). A new branch of networks 99 

that gain popularity recently are transformer networks. Cao et al. (2021) for example report superior 100 

performance of their U-Net-like transformer for medical image segmentation compared to fully 101 

convolutional networks. First studies that apply transformer networks on remote sensing images also 102 

show promising results (Ding et al., 2022; Gu et al., 2022; Xu et al., 2021). 103 

Since reference data in remote sensing is expensive to generate and satellite images are often restricted 104 

by conservative licenses that prevent re-distribution of purchased imagery, only few publicly available 105 

benchmark datasets exist for semantic segmentation of very high-resolution satellite and aerial images, 106 

namely ISPRS (Rottensteiner et al., 2013), Dstl (Iglovikov et al., 2017) and Deepglobe (Demir et al., 107 

2018). Of these only the Dstl Kaggle Challenge and Deepglobe Land Cover Classification Challenge 108 

datasets contain water classes, whereas only the latter covers samples outside of urban areas. Castillo-109 

Navarro et al. (2021) created the MiniFrance dataset that is specifically designed for semi-supervised 110 

segmentation of land-use. It contains over 2,000 labelled and unlabelled aerial images across France, 111 

with the water class covering approximately 1 % of the dataset. Due to their general focus on land-cover 112 

/ land-use classification, the available datasets can cover only limited variations in spectral reflectance 113 

characteristics, size and shape of water bodies and none of them considers a flood water class.  Recently, 114 

several datasets for natural disaster applications have been released (Bonafilia et al., 2020; Gupta et al., 115 

2019). Hänsch et al. (2022) present the SpaceNet 8 dataset for the detection of flooded roads and 116 

buildings. Rahnemoonfar et al. (2021) introduce the FloodNet dataset, which is composed of partially 117 

annotated UAV images after Hurricane Harvey and aims at post flood scene understanding. The semantic 118 

segmentation labels include amongst others a water class and several classes of flooded infrastructure. 119 

The dataset is, however, from a single location and covers on a relatively small amount of labelled data. 120 

The available disaster related datasets are often limited in geographical coverage and / or have a strong 121 

focus on infrastructure. 122 

To artificially increase the number of training samples in limited data scenarios, data augmentation is 123 

increasingly being used in remote sensing. Also transfer learning (Pan and Yang, 2010) is an approach 124 

to ease the problem of scarce training data. CNNs trained on large-scale natural image datasets (e.g., 125 
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ImageNet) have successfully been transferred to segment remote sensing images, either by means of fine-126 

tuning the network with data from the target domain or by using the pre-trained network directly as 127 

feature extractor. However, in particular deep models with a large number of trainable parameters may 128 

require large amounts of labelled samples of the target domain to avoid over-fitting. Semi-supervised 129 

learning, which jointly uses labelled and unlabelled data, provides another promising approach to 130 

improve segmentation when training data is limited (Li et al., 2019). Few studies also experiment with 131 

training on noisy labels. Mnih and Hinton (2012) and Kaiser et al. (2017) report that satisfying 132 

performance can be obtained with significantly less manual annotation effort, by exploiting noisy large-133 

scale training data from independent maps or data from crowd-sourcing platforms like OpenStreetMap 134 

(Haklay, 2010). 135 

While most deep learning studies that use very high-resolution optical satellite and aerial images focus 136 

on building segmentation (Neupane et al., 2021), road delineation (Mattyus et al., 2015) or object 137 

detection (Azimi et al., 2021), relatively few studies exist for water body segmentation (Huang et al., 138 

2018). Yang et al. (2020) propose a model based on mask R-CNN to detect and segment water bodies in 139 

GaoFen-2 images. They train their models on Google Earth image tiles and GaoFen-2 images and test 140 

on a hold-out dataset of GaoFen-2 images. Their results indicate superior performance of a ResNet-50-141 

based model compared to a more complex ResNet-100-based model. Guo et al. (2020) introduce a multi-142 

scale water extraction CNN for GaoFen-1 images and compare their results to U-Net and DeepLab-V3+ 143 

models. Chen et al. (2018) apply a self-adaptive pooling CNN on clusters of image super-pixels to extract 144 

urban water bodies in GaoFen-2 and Ziyuan-3 images. They train and test their method on images of 145 

Beijing, Chengdu and Tianjin and report superior accuracy compared to SVM and water index 146 

thresholding. Gebrehiwot et al. (2019) investigate the potential of a VGG-based fully convolutional 147 

network to extract flooded areas from Unmanned Aerial Vehicle (UAV) images acquired over three study 148 

areas in North Carolina, United States after Hurricane Matthew. Their results support conclusions of 149 

studies from other disciplines that adapting pre-trained models and fine-tuning them can lead to superior 150 

performance, especially when domain-specific training data are scarce. Duan and Hu (2020) compare a 151 

multi-scale refinement network with U-Net, SegNet and DeepLab-V3+ networks for water segmentation 152 

in WorldView-3 and GaoFen-2 satellite images. They report superior performance of the refinement 153 

network and DeepLab-V3+ compared to U-Net and SegNet. Feng et al. (2019) propose a modified U-154 

Net architecture and combine it with a super-pixel segmentation method to refine details of the land-155 

water borders. They test their method on four images acquired by WorldView-2 and GaoFen-2 satellites.  156 

Existing studies may achieve encouraging results for experimental setups, but largely focus on limited 157 
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geographical coverage, single sensors and propose complex solutions that may not scale well to time-158 

critical emergency response applications. Further research is required to train water segmentation models 159 

that are applicable to different satellite sensors and images across varying atmospheric conditions and 160 

scene properties. The objective of this study is to evaluate the performance of CNNs for semantic 161 

segmentation of surface water bodies in very high-resolution satellite and aerial images. We render this 162 

as a binary segmentation task with classes “land” and “water”. Depending on whether a satellite image 163 

has been acquired during normal hydrological conditions or during a flood event, we distinguish between 164 

scenes that primarily depict “normal water” or “flood water”. 165 

Most promising architectures (U-Net and DeepLab-V3+) are combined with different encoders 166 

(MobileNet-V3, ResNet-50 and EfficientNet-B4) and tested for their ability to delineate inundated areas 167 

under varying environmental conditions and data availability scenarios. For each combination of 168 

architecture and encoder we test different weight initializations and evaluate the performance of the 169 

trained models to (I) segment normal water in images of the same sensors, (II) segment normal water in 170 

images of other sensors, and (III) segment flood water in images of other sensors. We introduce an 171 

unprecedented reference dataset of 1,120 images with quality checked binary water masks. We also 172 

develop an independent test dataset for four flood events to evaluate the generalization ability of the 173 

trained models across regions, sensors and tasks. Compared to other studies in this direction, we consider 174 

sensors from multiple sensors and acquisition platforms (IKONOS, GeoEye-1, WorldView-2, 175 

WorldView-3, four different airborne camera systems and images from a Web Map Service of Mapbox 176 

(“Mapbox Satellite,” 2021)) and train, validate and test considered networks on a globally sampled 177 

dataset that covers variations in environmental and atmospheric conditions as well as spectral reflectance 178 

characteristics, size and shape of water bodies.  179 

2 Data  180 

We compile a reference dataset based on 1,120 globally distributed very high-resolution satellite and 181 

aerial images to train, test and validate the water segmentation models. For the dataset to be representative 182 

for a large variety of climatic, atmospheric, and land-cover conditions, we combine several global 183 

environmental layers into a unified stratification layer. Each stratum is aligned to a global grid with 184 

approximately 1.5 x 1.5 km spacing, contains water bodies (Pekel et al., 2016) and represents a unique 185 

combination of biome (Olson et al., 2001) and pre-dominant land-cover (Buchhorn et al., 2020). Samples 186 

are selected by means of a stratified random sampling procedure (Figure 1). Data availability constraints 187 

are considered, acquisition times cover different seasons and the maximum cloud-cover percentage for 188 
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image acquisitions is set to 5 %. For the purpose of this study, we acquire Internal Data Access (IDA) to 189 

archived IKONOS images received by the satellite down-link for Europe and Middle-East between 2000 190 

and 2009 (Schreier et al., 2008). For each sample we acquire the respective images, orthorectify them, 191 

convert digital numbers to top of canopy reflectance, pan-sharpen them to 0.8 m spatial resolution, stack 192 

the Red (R), Green (G), Blue (B) and Near-Infrared (NIR) image bands together and create a 2,048 x 193 

2,048 pixels subset. Thematic masks are delineated into classes “water” and “land” based on semi-194 

automated image analysis. We first apply a simple NDWI thresholding to extract an initial water mask, 195 

which we iteratively improve by manual adjustments and quality controls by several experienced 196 

operators (Figure 2). Due to the limited geographical coverage of the IDA IKONOS archive, we 197 

complement the reference dataset with freely available optical images from a Web Map Service of 198 

Mapbox (“Mapbox Satellite,” 2021). Images are acquired as geo-referenced R-G-B composites at zoom 199 

levels 17 and 18, which approximately equals a ground sampling distance of 0.6 to 1.2 m depending on 200 

the latitude of the sample location. Data at these zoom levels are a combination of satellite and aerial 201 

images from Maxar and various open national aerial image archives with JPG compression, reduced 202 

radiometric resolution and enhanced contrast compared to the original images. We download thematic 203 

water masks for each of these samples from OpenStreetMap (“OpenStreetMap,” 2021) and iteratively 204 

improve them by manual quality control and adjustments by experienced operators. Images and masks 205 

are shuffled and divided into training (50 %), validation (25 %) and testing (25 %) datasets, which are 206 

then split into non-overlapping tiles with 256 x 256 pixels size. The final dataset covers approximately 207 

90,000 tiles and 2,800 km².  208 
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209 

Figure 1: Spatial distribution of the reference data samples used for training, validation and testing of the water 210 

segmentation method; Independent test samples for flood water segmentation from multiple sensors (GeoEye-1, 211 

WorldView-2, WorldView-3 and four different airborne camera systems). 212 

To independently test the performance of trained models on flood water scenes and to consider additional 213 

platforms and sensors, we select six locations of four flood events (Dresden Germany 2013, Landes 214 

France 2019, Bihar India 2020, Minden, Brück and Altenahr Germany 2021), for which normal water 215 

(pre- or post-event) and flood water (co-event) satellite or aerial images are available. We use normal 216 

water images to test transfer of models to other sensors for water segmentation. To test model transfer to 217 

other sensors and tasks (flood water segmentation), we use flood images. For each test case we manually 218 

delineate water extents by means of a standard rapid mapping workflow and make sure to cross-check 219 

results between different experienced operators (Long et al., 2021). Cloud and cloud shadow pixels are 220 

manually masked in both reference and predicted masks and excluded from accuracy assessments. Table 221 

1 shows an overview of the available images for each case study. The dataset covers approximately 222 

15,000 tiles (256 x 256 pixels) and 204 km².  223 

Each sample that we consider in this study is further complemented with slope information derived from 224 

a Digital Elevation Model (DEM) raster of the freely and globally available Copernicus DEM (Fahrland 225 

et al., 2020). The slope raster is up-sampled from its original 30 m resolution to align with the respective 226 

satellite and aerial images. 227 

Table 1: Overview of normal water and flood images for case studies with information about acquisition dates, 228 
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platform, sensor, spatial resolution and available spectral bands.  229 

Case study Normal water images Flood water images 

Acquisition Sensor 

Resolution 

Spectral bands 

Coverage 

(km²) 

Acquisition Sensor 

Resolution 

Spectral bands 

Coverage 

(km²) 

S
a

te
ll

it
e
 

Landes, France 

Riverine floods 

2019-09-11 

 

GeoEye-1  

0.50 m 

R-G-B-NIR 

35 2019-12-19 

 

GeoEye-1  

0.50 m 

R-G-B-NIR 

35 

Bihar, India 

Monsoon rains 

2020-02-11 

 

WorldView-2 

0.50 m 

R-G-B-NIR 

60 2020-08-24 

 

GeoEye-1  

0.50 m 

R-G-B-NIR 

60 

Brück, 

Germany 

Riverine floods 

2021-09-07 

 

GeoEye-1  

0.50 m 

R-G-B-NIR 

4 2021-07-21 

 

Worldview-3  

0.50 m 

R-G-B-NIR 

4 

A
er

ia
l 

Altenahr, 

Germany 

Riverine floods 

2021-10-23 

 

Zenmuse H20T 

0.07 m 

R-G-B 

1 2021-07-20 

 

DLR MACS 

0.20 m 

R-G-B 

1 

Minden, 

Germany 

Riverine floods 

2019-06-28 

 

DOP20   

0.20 m 

R-G-B 

1 2021-07-16 

 

DLR 4K 

0.07 m 

R-G-B 

1 

Dresden, 

Germany 

Riverine floods 

2011-05-31 

 

DOP20    

0.20 m 

R-G-B 

1 2013-06-08 

 

DLR 3K 

0.25 m 

R-G-B 

1 

 230 
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231 

Figure 2: Examples of reference data samples with pairs of image and corresponding water mask for different 232 

land-cover settings. Each sample covers an area of approximately 1.3 km². The last row shows flood water images 233 

of the independent test dataset. The area covered by the flood water samples varies and is depicted in Table 1. 234 

3 Method 235 

In a series of experiments, we aim to answer the following specific research questions. 236 

1. Baseline model (BM): Which combination of architecture and encoder performs best across 237 

varying data availability scenarios? 238 
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2. Input bands (IB): Can additional spectral band and independent slope information improve the 239 

performance? 240 

3. Data augmentation (DA): Can different data augmentation techniques improve the generalization 241 

ability? 242 

4. Pre-training (PT): What influence do different pre-trained weights have on the performance? 243 

5. Transfer model – satellite to aerial (TM): Can a model trained on satellite images be transferred 244 

to contrast enhanced aerial images with reduced radiometric resolution? Can noisy training data 245 

improve the performance? 246 

In the following we describe the setup for each experiment and general considerations that apply for all 247 

experiments. 248 

Baseline model (BM) 249 

Several studies have shown that the U-Net architecture (Ronneberger et al., 2015) is able to deliver state-250 

of-the-art results in water segmentation tasks in high-resolution satellite images while keeping 251 

computational complexity low (Wieland and Martinis, 2019). For comparison we choose the 252 

DeepLabV3+ architecture (Chen et al., 2017), which extracts information on multiple scales 253 

simultaneously with atrous spatial pyramid pooling using diluted convolution kernels with different rates. 254 

Depth-wise separable convolution is applied to decrease computation complexity. The hypothesis is, that 255 

these architectural differences may allow the model to have a higher level of context-awareness, which 256 

may positively impact on the segmentation performance. In combination with these architectures we 257 

compare promising encoders, namely MobileNet-V3, ResNet-50 and EfficientNet-B4. We selected these 258 

for our experiments since they show a good trade-off between number of model parameters and ImageNet 259 

Top-1 accuracy (Tan and Le, 2019).  260 

Input bands (IB) 261 

Water shows low reflectance in the NIR wavelengths as it absorbs more energy, while non-water 262 

generally has a higher reflectance. Thus, a high contrast in reflectance values between water and non-263 

water landcover classes is particularly dominant in the NIR spectral band compared to the visible R, G 264 

and B bands. To this regard, we test the influence of the NIR spectral band on the water segmentation 265 

performance. Additionally, we also consider slope information derived from the freely and globally 266 

available Copernicus DEM. For this purpose, we compute slope in percent at the 30 m native spatial 267 

resolution of the DEM and resample it to match the respective sample image resolution. 268 
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Data augmentation (DA) 269 

Data augmentation provides a way to learn invariance to changes in the augmented domains beyond what 270 

is present in the raw training images. Remote sensing image properties are affected by changes in 271 

atmospheric conditions, land-use / land-cover, seasonality and other scene and image properties such as 272 

sun elevation or radiometric resolution. Therefore, even large remote sensing training datasets may not 273 

cover all eventualities that may occur in real-world applications. To this regard, we test the influence of 274 

different data augmentation techniques on the segmentation performance. In particular, we apply 275 

training- and test-time augmentations. For this experiment the training dataset is augmented with random 276 

contrast, brightness, scale and rotation. Factors are randomly applied within predefined ranges to contrast 277 

[-0.1, 0.1], brightness [-0.1, 0.1] and scale [0.9, 1.1]. Rotation is performed in steps of 90 degrees. All 278 

augmentations are applied with equal probability. During test-time we predict on the original input image 279 

and five randomly augmented versions of it. The final prediction is based on the averaged class 280 

probabilities. 281 

Pre-training (PT) 282 

Starting from pre-trained weights can improve performance, even if these have been trained on different 283 

image types, because low-level features that are being learned in early network layers are similar across 284 

image domains (Kaiser et al., 2017). In this experiment we compare the influence of different pre-trained 285 

weights on the segmentation performance. We initialize weights either randomly as described in He et 286 

al. (2015b) or we use pre-trained weights that were previously learned on ImageNet (Deng et al., 2009) 287 

or on a global reference dataset for water segmentation in Sentinel-2 satellite images (Wieland et al., in 288 

preparation). Since ImageNet weights only cover R-G-B bands, we initialize the weights of additional 289 

image bands (N and slope) randomly. In case of Sentinel-2 weights, we pre-train the model specifically 290 

on the same spectral bands and slope information. The assumption here is that while in general pre-291 

training has been reported to boost performance, application and domain specific pre-training on 292 

Sentinel-2 satellite images may be superior compared to pre-training on ImageNet (despite the lower 10 293 

m spatial resolution of Sentinel-2). 294 

 Transfer model – satellite to aerial (TM) 295 

In this experiment we investigate if a model trained on satellite images can be transferred to aerial images 296 

with reduced radiometric resolution and enhanced contrast. We also aim at answering the question, 297 

whether noisy training data can improve the generalization ability across images acquired by different 298 

sensors and acquisition platforms. Specifically, we test the influence of different training approaches and 299 
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compare the performance of models trained solely on the high-quality IKONOS dataset or the noisy 300 

Mapbox dataset. We further evaluate the influence of contrast enhancement on the performance. In this 301 

case, we apply a percentage linear contrast stretch between the 2nd and 98th percentiles separately for 302 

each spectral band. Slope information is not stretched. 303 

General considerations 304 

For all experiments we evaluate the performance of the trained models under consideration of varying 305 

data availability across three test scenarios. 306 

• Test scenario I: Segment normal water in images of the same sensors. This scenario applies the 307 

trained models on images of the same sensors and for the same task that they have been trained for. 308 

Test data are the test split of our global reference dataset. 309 

• Test scenario II: Segment normal water in images of other sensors. This scenario applies the trained 310 

models on images of other sensors but for the same task that they have been trained for. Test data are 311 

independent images taken during normal water conditions over locations and by sensors that were 312 

not used for training. 313 

• Test scenario III: Segment flood water in images of other sensors. This scenario applies the trained 314 

models on images of other sensors and for another task that they have been trained for. Test data are 315 

independent co-flood images. The target class is flood water, which due to its largely differing 316 

spectral characteristics and appearance in the images can be considered as a different task than normal 317 

water segmentation. Images are acquired over the same locations as in test scenario II to minimize 318 

the effect of the background class on the prediction results and hence isolate the influence of different 319 

sensors and water conditions. 320 

We use reference data acquired by satellites with known preprocessing, radiometry and additional NIR 321 

spectral band as basis for all experiments. Only the transfer experiment (TM) makes use of the Mapbox 322 

and aerial image reference dataset, with reduced radiometric resolution, enhanced contrast and for which 323 

a NIR spectral band is not available. The input image feature space in all experiments is standardized to 324 

zero mean and unit variance with mean and standard deviation being computed on the training dataset 325 

and applied to the validation and testing datasets. The training set is shuffled once between every epoch. 326 

Initial learning rate and weight decay hyperparameters are optimized for each network setup specifically 327 

using a tree-structured Parzen estimator with pruning (Akiba et al., 2019) over 15 trials (for five epochs 328 

each) while maximizing the IoU score on the validation dataset. As search space we define log uniform 329 
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distributions (from 1e-5 to 1e-1) for the initial learning rate and weight decay. A weighted combination of 330 

cross-entropy (𝐿𝐶𝐸) and Lovász loss (𝐿𝐿𝑜𝑣á𝑠𝑧) is used for a direct optimization of the IoU score (Rakhlin 331 

et al., 2018) during backpropagation (Equation 1). 332 

𝐿 = (1 − 𝛼𝐿𝑜𝑠𝑠) ∗ 𝐿𝐶𝐸 + 𝛼𝐿𝑜𝑠𝑠 ∗ 𝐿𝐿𝑜𝑣á𝑠𝑧 Equation 1 

With 𝛼𝐿𝑜𝑠𝑠 being the weighting coefficient to weight the two loss functions. Following the results of 333 

(Helleis et al., 2022) we set 𝛼𝐿𝑜𝑠𝑠 = 0.5. To further account for class imbalance, we apply weights on 334 

the positive class which are computed on the class distribution of the training dataset. We step-wise 335 

reduce the learning rate by a factor of 0.1 if no improvement is seen for three epochs and early stopping 336 

is applied in case of no improvement for nine consecutive epochs. For the optimization algorithm we 337 

select Adam (Kingma and Lei, 2015). For model evaluation we track cross-entropy Lovász loss, IoU 338 

score, Precision (Prec) and Recall (Rec). In order to account for the focus on applications in emergency 339 

response, where computation time is a critical performance criterion, we also report model throughput 340 

measured in megapixel per second (mp/s). Measurements per experiment are averaged across five 341 

prediction runs on 5,000 tiles with shape (256, 256, 3). We use Pytorch as deep learning framework and 342 

train the networks in batches of 24 until convergence on two NVIDIA Tesla K80 GPUs. 343 

Since all CNNs make predictions on local windows, higher prediction errors towards the image borders 344 

may be observed. Therefore, during inference we expand the input image with mirror-padding, split it 345 

into overlapping tiles, run the predictions over batches of tiles, blend the prediction tiles to reconstruct 346 

the expanded input image’s x-y-shape and un-pad the resulting prediction image. We use a tapered cosine 347 

window function to weight pixels when blending overlapping tiles together (Wieland and Martinis, 348 

2019). 349 

To assess the segmentation performance, standard accuracy metrics Intersection over Union score (IoU), 350 

Precision (Prec) and Recall (Rec) are reported for a threshold of 0.5 on the prediction probabilities. We 351 

do not consider cross-validation due to the computational overhead of running each experiment multiple 352 

times. However, to ensure that results are reproducible and comparable on the same system we fix 353 

random seeds for all components of the experimental setup that involve randomness (e.g., shuffling of 354 

datasets, noisy hidden layers, weight initialization, etc.). We also enforce deterministic GPU floating 355 

point calculations. 356 

 357 

 358 
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4 Results 359 

Baseline model (BM) 360 

Table 2 shows the results of different decoder-encoder combinations on the three test scenarios. Models 361 

have been trained on IKONOS R-G-B satellite images. The results on test scenario I, which compares 362 

against a test split of the reference data (same sensor, same task), show that models based on U-Net 363 

decoder perform better than Deeplab-V3+ models. This accounts for their accuracy (0.73 mean IoU 364 

across all U-Net models compared to 0.72 mean IoU for Deeplab-V3+) as well as inference speed (18.80 365 

mean throughput for U-Net compared to 5.03 mean throughput for Deeplab-V3+). Similarly, Mobilenet-366 

V3 encoder models provide better results than ResNet-50 and EfficientNet-B4 (0.74 mean IoU and 20.5 367 

mean throughput for Mobilenet-V3 compared to 0.71 mean IoU and 6.91 mean throughput for 368 

EfficientNet-B4, 0.73 mean IoU and 8.30 mean throughput for ResNet-50).  369 

Test scenario II compares model results against an independent test dataset of water scenes from satellite 370 

sensors that have not been used during training (different sensors, same task). All models show a clear 371 

performance decrease when transferred to other sensors (0.31 mean drop in IoU across all models). In 372 

this scenario models based on U-Net decoder perform better than Deeplab-V3+ models (0.41 mean IoU 373 

for U-Net compared to 0.40 mean IoU for Deeplab-V3+). Mobilenet-V3 encoder models provide better 374 

results than ResNet-50 and EfficientNet-B4 models (0.45 mean IoU for Mobilenet-V3 compared to 0.41 375 

mean IoU for EfficientNet-B4 and 0.37 mean IoU for ResNet-50).  376 

Table 2: Results for different baseline models trained on IKONOS R-G-B satellite images. Test scenario I 377 

compares against a test split of the reference data (same sensors, same task); Test scenario II against an 378 

independent test dataset of water scenes from different sensors (different sensors, same task); Test scenario III 379 

against an independent test dataset of flood scenes from different sensors (different sensors, different task). 380 

ID Decoder Encoder 

backbone 
Through

put 

(mp/s) 

Test scenario I Test scenario II Test scenario III 

 IoU Prec Rec IoU Prec Rec IoU Prec Rec 

BM-0 U-Net Mobilenet-V3 32.69 0.74 0.85 0.82 0.45 0.47 0.85 0.45 0.48 0.78 

BM-1 U-Net ResNet-50 13.20 0.73 0.85 0.81 0.38 0.39 0.76 0.41 0.43 0.78 

BM-2 U-Net EfficientNet-B4 10.58 0.71 0.89 0.77 0.41 0.41 0.80 0.42 0.45 0.78 

BM-3 DL-V3+ Mobilenet-V3  8.40 0.73 0.85 0.82 0.45 0.46 0.86 0.42 0.44 0.80 

BM-4 DL-V3+ ResNet-50 3.36 0.72 0.84 0.81 0.35 0.40 0.73 0.36 0.37 0.77 

BM-5 DL-V3+ EfficientNet-B4 3.23 0.70 0.81 0.79 0.40 0.45 0.72 0.42 0.46 0.77 

 381 
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Test scenario III compares model results against an independent test dataset of flood scenes from sensors 382 

that have not been used during training (different sensors, different task). A general performance decrease 383 

can be observed compared to test scenario I. Similar to the previous tests, also in this scenario models 384 

based on U-Net perform better than Deeplab-V3+ models (0.43 mean IoU for U-Net compared to 0.40 385 

mean IoU for Deeplab-V3+). Mobilenet-V3 encoder models outperform ResNet-50 and EfficientNet-B4 386 

encoder models (0.44 mean IoU for Mobilenet-V3 compared to 0.42 mean IoU for EfficientNet-B4 and 387 

0.39 mean IoU for ResNet-50). 388 

In summary, the U-Net Mobilenet-V3 model provides best results across all test scenarios while being 389 

small and fast during inference compared to the other models.  390 

Input bands (IB) 391 

Based on the results of the initial experiment, we use a U-Net model with Mobilenet-V3 encoder and 392 

train it on IKONOS satellite images with varying input bands. From Table 3 it can be seen that compared 393 

to the baseline (IB-0) adding the NIR spectral band (IB-1) clearly improves the segmentation results 394 

across all test scenarios by 0.07 IoU for test scenario I, 0.17 IoU for scenario II and 0.32 IoU for scenario 395 

III. Also adding slope information (IB-2) improves the baseline R-G-B model by 0.02 IoU for scenario 396 

I, 0.03 IoU for scenario II and 0.02 IoU for scenario III. The combined R-G-B with NIR and Slope model 397 

(IB-3) shows best performance and exceeds the baseline by 0.07 IoU for scenario I, 0.20 IoU for scenario 398 

II and 0.35 IoU for scenario III. 399 

Table 3: Results of a U-Net model with Mobilenet-V3 encoder trained on IKONOS satellite images with varying 400 

input bands. 401 

ID Input bands Throughput 

(mp/s) 

Test scenario I Test scenario II Test scenario III 

 IoU Prec Rec IoU Prec Rec IoU Prec Rec 

IB-0 R-G-B 32.69 0.74 0.85 0.82 0.45 0.47 0.85 0.45 0.48 0.78 

IB-1 R-G-B-NIR 32.74 0.81 0.92 0.87 0.62 0.79 0.78 0.77 0.83 0.93 

IB-2 R-G-B-Slope 32.98 0.76 0.89 0.82 0.48 0.55 0.78 0.47 0.49 0.80 

IB-3 R-G-B-NIR-Slope 33.00 0.81 0.92 0.87 0.65 0.84 0.73 0.80 0.87 0.91 

 402 

Data augmentation (DA) 403 

Table 4 depicts the influence of different data augmentation techniques on the segmentation results for 404 

the three test scenarios. Based on the results of previous experiments, we use a U-Net model with 405 
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Mobilenet-V3 encoder trained on IKONOS R-G-B-NIR-Slope satellite images. DA-0 uses the training 406 

dataset as is without augmentation. The results indicate that when augmentation (DA-1) is applied to the 407 

training dataset, better performance can be achieved on all test scenarios compared to using the 408 

unmodified training data. The effects of augmentation are, however, minor. DA-2 applies test-time 409 

augmentation. For test scenarios I and III, the results are comparable to DA-1. On test scenario II test-410 

time augmentation shows negative effects on the accuracy. Since every tile needs to be augmented and 411 

predicted multiple times before the final prediction can be assigned, inference times of this approach are 412 

longer compared to DA-2. 413 

Table 4: Results of a U-Net model with Mobilenet-V3 encoder trained on IKONOS R-G-B-NIR-Slope satellite 414 

images for different data augmentation techniques. 415 

ID AUG         

Train-time 

AUG         

Test-time 

Test scenario I Test scenario II Test scenario III 

IoU Prec Rec IoU Prec Rec IoU Prec Rec 

DA-0 False False 0.81 0.92 0.87 0.65 0.84 0.73 0.80 0.87 0.91 

DA-1 True False 0.82 0.92 0.87 0.66 0.92 0.75 0.82 0.90 0.91 

DA-2 True True 0.82 0.92 0.87 0.62 0.93 0.66 0.82 0.90 0.91 

 416 

Pre-training (PT) 417 

Table 5 shows the results of a U-Net model with Mobilenet-V3 encoder trained on IKONOS R-G-B-418 

NIR-Slope satellite images with train-time augmentation under consideration of different pre-trained 419 

weights. When training and testing on data of the same sensor and task (test scenario I) no improvement 420 

can be observed by using pre-trained weights. However, the generalization ability of the model improves 421 

with higher IoU being measured on test scenarios II and III when ImageNet weights are used to initialize 422 

R-G-B bands. Initializing weights for all bands (R-G-B-NIR-Slope) by pre-training on Sentinel-2 images 423 

seems to have a negative impact on model transferability to scenarios II and III. 424 

Table 5: Results of a U-Net model with Mobilenet-V3 encoder trained on IKONOS R-G-B-NIR-Slope satellite 425 

images with train-time augmentation under consideration of different pre-trained weights. 426 

ID Weights          Test scenario I Test scenario II Test scenario III 

IoU Prec Rec IoU Prec Rec IoU Prec Rec 

PT-0 Random 0.82 0.92 0.87 0.66 0.92 0.75 0.82 0.90 0.91 

PT-1 ImageNet (R-G-B) 

Random (NIR-Slope) 

0.82 0.90 0.89 0.68 0.92 0.74 0.84 0.89 0.93 
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PT-2 Sentinel-2 0.82 0.91 0.88 0.63 0.75 0.80 0.76 0.82 0.92 

 427 

Transfer model – satellite to aerial (TM) 428 

Table 6 tests the transferability of a U-Net model with Mobilenet-V3 encoder between satellite and aerial 429 

images for different training setups. Since the aerial images used in this study do not have a NIR spectral 430 

band available, we train and test with R-G-B-Slope images. Training and testing on satellite images (TM-431 

0) performs significantly better than testing the same model on aerial images for all three scenarios. 432 

Training on Mapbox images (TM-1 and TM-2) performs better on aerial images than on satellite images. 433 

The performance difference between aerial and satellite images is, however, much smaller compared to 434 

TM-0. Training Mapbox with pre-trained weights from satellite images (TM-2) shows better 435 

performance than using ImageNet weights. The best overall performance, however, can be reached when 436 

a model is trained on a joined training dataset of contrast enhanced satellite images and Mapbox images 437 

(TM-3). This model shows the best performance on both satellite and aerial images across all test 438 

scenarios. 439 

Table 6: Transferability of a U-Net model with Mobilenet-V3 encoder between satellite and aerial images for 440 

different training setups. 441 

ID Training          Testing Test scenario I Test scenario II Test scenario III 

IoU Prec Rec IoU Prec Rec IoU Prec Rec 

TM-0 Satellite R-G-B-Slope, 

pretrained on ImageNet, 

train-time augment. 

Aerial 0.28 0.31 0.81 0.10 0.12 0.88 0.15 0.25 0.31 

Satellite 0.77 0.90 0.82 0.63 0.76 0.79 0.67 0.78 0.81 

TM-1  Mapbox R-G-B-Slope, 

pretrained on ImageNet, 

train-time augment. 

Aerial 0.70 0.83 0.79 0.54 0.82 0.62 0.64 0.88 0.69 

Satellite 0.67 0.76 0.84 0.54 0.60 0.79 0.62 0.72 0.84 

TM-2  Mapbox R-G-B-Slope, 

pretrained on TM-0 

train-time augment. 

Aerial 0.72 0.84 0.80 0.56 0.89 0.57 0.62 0.74 0.83 

Satellite 0.69 0.84 0.78 0.55 0.54 0.91 0.64 0.69 0.89 

TM-3  TM-0 and TM-1 

trained together with 

contrast enhancement 

Aerial 0.72 0.84 0.80 0.78 0.82 0.82 0.70 0.86 0.74 

Satellite 0.79 0.89 0.87 0.70 0.78 0.89 0.82 0.89 0.90 

 442 

Since contrast enhancement of the satellite images seems to have a positive effect on the segmentation 443 

performance, we also applied this additional pre-processing step to the NIR spectral band and trained a 444 

model on contrast enhanced R-G-B-NIR bands and slope information. Table 7 indicates that when 445 

training and testing on data of the same sensor, the effect of contrast enhancement is not seen and 446 
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performances on test scenario I are equal between PT-1 and PT-1 Contrast. However, the model trained 447 

on contrast enhanced data (PT-1 Contrast) transfers better to test scenarios II and III than the same model 448 

trained on the original top of canopy reflectance values (PT-1). 449 

Table 7: Influence of contrast enhancement on best performing U-Net model with Mobilenet-V3 encoder with pre-450 

trained ImageNet weights and train-time augmentation for R-G-B-NIR-Slope satellite images (PT-1). 451 

ID Weights          Test scenario I Test scenario II Test scenario III 

IoU Prec Rec IoU Prec Rec IoU Prec Rec 

PT-1 ImageNet (R-G-B) 

Random (NIR-Slope) 

0.82 0.90 0.89 0.68 0.92 0.74 0.84 0.89 0.93 

PT-1 

Contrast 
ImageNet (R-G-B) 

Random (NIR-Slope) 

Contrast enhancement 

0.82 0.90 0.89 0.72 0.82 0.86 0.85 0.92 0.92 

 452 

To further evaluate the usefulness of our results for flood mapping applications we also tested the 453 

influence of adding samples of the target (flood water) domain to the training data. Due to the limited 454 

availability of flood water samples, we divided the six available flood images from test scenario III into 455 

training and test splits. The best-performing model for aerial and satellite images (TM-3) is then retrained 456 

including data from the target (flood water) domain. Specifically, we add two of the flood images to the 457 

training data and use the remaining four flood images as independent test data. Table 8 provides an 458 

overview of the data scenarios and compares the results for simply applying the TM-3 model (trained 459 

without images of the target domain) with TM-3 Flood (trained including images of the target domain). 460 

It can be seen that adding few flood water samples during training could slightly improve the results on 461 

test images that show flood situations. An increase in Rec of 0.02 indicates that the improvement is 462 

mainly related to more flood water pixels being correctly detected. 463 

Table 8: Influence of retraining TM-3 with limited training data of the target (flood water) domain. 464 

ID Training Testing IoU Prec Rec 

TM-3 TM-3 without flood water images Landes, France (GeoEye-1),     

Brück, Germany (WorldView-3), 

Altenahr, Germany (DLR MACS), 

Dresden, Germany (DLR 3K) 

0.73 0.89 0.80 

TM-3 

Flood 
TM-3 with flood water images 

from Bihar, India (GeoEye-1) and 

Minden, Germany (DLR 4K) 

Landes, France (GeoEye-1),  

Brück, Germany (WorldView-3), 

Altenahr, Germany (DLR MACS), 

Dresden, Germany (DLR 3K) 

0.74 0.89 0.82 

 465 
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Finally, we compared the influence of image resolution on the segmentation performance. All previous 466 

experiments used the original resolution of the test images. As can be seen from Table 9, resampling of 467 

the test images leads to worse performance on all test scenarios. Predicting on the original image 468 

resolution, despite varying spatial resolution across the test images seems to be the best choice. This is 469 

further underlined by the observation that the closer the resampled resolution is to the average original 470 

image resolution (0.8 m for scenario I and 0.5 m for scenarios II and III) the better the results. 471 

Table 9: Influence of image spatial resolution on best performing U-Net model with Mobilenet-V3 encoder, pre-472 

trained ImageNet weights and train-time augmentation for contrast enhanced R-G-B-NIR-Slope satellite images 473 

(PT-1 Contrast). 474 

ID Resolution (m) Test scenario I Test scenario II Test scenario III 

IoU Prec Rec IoU Prec Rec IoU Prec Rec 

RES-0 Varying original 0.82 0.90 0.89 0.72 0.82 0.86 0.85 0.92 0.92 

RES-1 0.25 0.76 0.81 0.91 0.68 0.79 0.83 0.80 0.85 0.90 

RES-2 0.50 0.80 0.87 0.89 0.72 0.84 0.83 0.84 0.90 0.92 

RES-3 0.75 0.82 0.89 0.90 0.62 0.73 0.76 0.79 0.91 0.82 

RES-4 1.00 0.80 0.89 0.87 0.56 0.70 0.70 0.76 0.90 0.80 

 475 

Summary of results for best performing model 476 

Figure 3 shows the results of the best-performing U-Net Mobilenet-V3 model with pre-trained ImageNet 477 

weights trained on contrast enhanced and augmented R-G-B-Slope IKONOS and Mapbox data (TM-3) 478 

on test scenario I grouped by predominant landcover of the test samples (aerial and satellite test datasets 479 

combined). Overall good performance across all landcover types can be observed with median values for 480 

all metrics above 0.75. Performance over the majority of landcover types, moreover, shows relatively 481 

small variation. Few landcover types, however, highlight a larger spread of the performance with lower 482 

quartiles for IoU being below 0.70. This becomes evident in particular for bare areas (class 1), herbaceous 483 

cover (class 5) and urban areas (class 16). A closer look at Prec and Rec reveals that largely Prec is 484 

affected for water bodies located in bare areas, which indicates a tendency to overestimate water in these 485 

areas. Herbaceous cover and urban areas show a larger spread of Rec values, which indicates a tendency 486 

to underestimate water. 487 
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488 

Figure 3: Results of best-performing U-Net Mobilenet-V3 model with pre-trained ImageNet weights trained on 489 

contrast enhanced and augmented R-G-B-Slope IKONOS and Mapbox images (TM-3) on test scenario I (aerial 490 

and satellite test datasets combined) grouped by predominant landcover. 491 

Figure 4 shows results of the best-performing overall model (TM-3) for selected scenario I test images 492 

per landcover. All water predictions show good performance and match well the reference masks. Some 493 

minor issues with false positives and negatives can be observed for example in water look-alike areas 494 

(e.g., shadows or moist soil) or where a clear border between water and land is difficult to define even 495 

by visual image interpretation. The “cropland irrigated or post-flooding” sample (zoom A) depicts a 496 

complex scene with a mixture of different shaped and coloured water basins and canals. Despite the large 497 

variety of water appearance in the scene, the overall accuracy of the predicted water mask is good with 498 

an IoU of 0.77, Prec and Rec above 0.85. In the “urban areas” sample (zoom B) it can be seen that narrow 499 

water canals of central Venice in between dense built-up areas are not sufficiently segmented thus leading 500 

to false negatives and a lower Rec. Similar effects can be observed in other urban samples (see also 501 

Figure 3). Despite the very good model performance on the “cropland (>50%) – natural (<50%)” sample 502 

(zoom C), it is a typical example for a land-water border that even by visual image interpretation is not 503 
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clearly identifiable. Especially shallow water areas and muddy river banks in the lower left corner make 504 

it difficult to identify a clear land-water border. 505 

506 

Figure 4: Results of best-performing model (TM-3) for randomly selected scenario I test images per landcover. 507 

Water is outlined in blue, background in grey. Each sample covers an area of approximately 1.3 km². 508 

Figures 5 shows results of the U-Net Mobilenet-V3 model with pre-trained ImageNet weights trained on 509 

contrast enhanced and augmented IKONOS and Mapbox data (TM-3) for scenario II and III satellite test 510 

images. The flood water image of Landes acquired by the GeoEye-1 satellite highlights the overall good 511 

performance of the model across water bodies with heterogeneous appearance. False negatives are 512 

mainly observed in water with high sediment content and along fuzzy land-water borders with partially 513 

overlapping vegetation. The normal water WorldView-2 scene of Bihar (zoom B) indicates good 514 
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performance with only few false positives, despite some visible building shadows. Water bodies inside 515 

the city are segmented with only minor misclassifications even in muddy areas along the main river. 516 

517 

Figure 5: Results of best-performing model (TM-3) for scenario II (left) and III (right) satellite test images. Water 518 

is outlined in blue, background in grey and no-data areas in black. The area covered by each image varies and is 519 

depicted in Table 1. 520 

Figure 6 shows results of the U-Net Mobilenet-V3 model with pre-trained ImageNet weights trained on 521 

contrast enhanced and augmented IKONOS and Mapbox data (TM-3) for scenario II and III aerial test 522 

images. The normal water Zenmuse H20T image acquired by UAV of Altenahr (zoom A) shows 523 

problems with false negatives related to shallow transparent water that may cause confusion with the 524 

sandy river bottom. This is reflected in the low Rec values for this scene. The DLR 3K aerial flood water 525 

scene of Dresden (zoom B) shows low Rec values and has problems with false negatives that are likely 526 

related to the large amount of sediment in the water in combination with partially inundated vegetation 527 

and allotment gardens. 528 
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529 

Figure 6: Results of best-performing model (TM-3) for scenario II (left) and III (right) aerial test images. Water 530 

is outlined in blue, background in grey and no-data areas in black. The area covered by each image varies and is 531 

depicted in Table 1. 532 

5 Discussion 533 

The objective of this study is to train a model for semantic segmentation of normal water and flood water 534 

bodies in very high-resolution satellite and aerial images. Performance evaluation of CNN architectures 535 

and encoders indicate superior performance of a U-Net Mobilenet-V3 model when considering IoU, 536 

Prec, Rec and throughput (Table 2). Compared to other studies, we focus specifically on multi-sensor 537 

generalization ability, global applicability, simplicity and processing speed to produce timely, accurate 538 

and relevant information under varying data availability scenarios. Our work is thus targeted towards 539 

operational use in rapid mapping activities to support situational awareness in flood emergency response. 540 

Similar to Yang et al. (2020) we can report good performance for all tested models with a ResNet-50 541 

encoder. Following their conclusions, we have not tested the more complex ResNet-100, which 542 

performed worse in their experiments. Instead we focussed on the more recently developed Mobilenet-543 

V3 and EfficientNet-B4, which showed comparable results than ResNet-50 at higher throughput. 544 

Contrary to the findings of Duan and Hu (2020), who compare a multi-scale refinement network with U-545 

Net, SegNet and DeepLab-V3+ networks for water segmentation in WorldView-3 and GaoFen-2 satellite 546 

images, our experiments indicate that U-Net-based models outperform models based on the more 547 

complex DeepLab-V3+ architecture both in terms of accuracy metrics and throughput. While the 548 
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difference in IoU between the two architectures is minimal in case of test scenario I (same sensor, same 549 

task), it becomes more evident in test scenarios II (different sensor, same task) and III (different sensor, 550 

different task). Further performance improvements for DeepLab-V3+ could be achieved by longer 551 

training without early stopping. More computational resources would be required for a more thorough 552 

comparison of the architectures, since deeper architectures like DeepLab-V3+ commonly take longer to 553 

converge and hence their training in our experiments may be sub-optimal given the relatively short 554 

patience before learning rate reduction and early stopping. Independent on training times, the main 555 

decision criterion in this study to select a U-Net-based model has been the significantly higher throughput 556 

during inference. 557 

Duan and Hu (2020) use the Deepglobe dataset (Demir et al., 2018) and expand it with a custom dataset 558 

of GaoFen-2 images over China. We found the Deepglobe dataset not to be suitable for our study, due to 559 

limited geographical coverage and relatively poor annotation quality for the water class. Therefore, we 560 

acquired a comprehensive multi-sensor reference dataset that we used to train, validate and test the water 561 

segmentation. The reference dataset has been sampled globally to account for a large variety of climatic, 562 

atmospheric and land-cover conditions. To overcome the limited geographical coverage of the IKONOS 563 

data archive that we had access to, we complement the reference dataset with freely available optical 564 

images from a Web Map Service and water masks from OpenStreetMap. Nevertheless, even the 565 

combined reference dataset shows a geographical bias towards Europe, Middle East and India (Figure 566 

1). Also, the acquired independent test datasets for other sensors (test scenario II) and tasks (test scenario 567 

III) show a geographical bias towards Europe and India. Similar to the reference dataset (test scenario I), 568 

this is caused by limited availability of suitable test images from other locations. The aim in this study 569 

was to compile test data from different sensors covering the same location during normal and flood water 570 

situations. This constraint strongly reduced the number of available and accessible samples. The dataset 571 

should be further extended and diversified in future to improve the significance of the results regarding 572 

model transferability. 573 

To allow for a high degree of transferability across sensors, we focussed on the use of R-G-B image 574 

bands, which are acquired by almost all available optical sensors independent on the acquisition platform. 575 

For sensor-specific applications, however, including additional spectral bands like the NIR band into the 576 

input feature space has clearly a positive effect on the performance (Table 3 and Table 7). Additionally, 577 

slope information derived from a DEM can further improve results. Since high-quality DEMs like the 578 

Copernicus DEM are freely available at global coverage, slope information can be added independently 579 

for all sensors. 580 
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Sample water masks are derived by support of manual interpretation and digitization of image tiles, 581 

which means that the results are to be regarded as relative to the performance of a human analyst and not 582 

to an absolute ground-truth. Especially the fractal geometry of the border between land and water may 583 

lead to label inconsistencies when trying to define a hard class boundary. Their manual delineation is at 584 

least partially a matter of subjective interpretation and may introduce a bias in the reference dataset and 585 

hence into the performance results. In this context, it also needs to be considered which level of detail 586 

and resolution is actually required by an application. Wetland monitoring for example may have different 587 

requirements compared to flood emergency response. In this study we focus on emergency response and 588 

have followed as much as possible best-practises of rapid mapping procedures as being conducted at the 589 

Centre for Satellite-based Crisis Information (ZKI) of the German Aerospace Center (DLR) (Lechner 590 

and Gähler, 2017). 591 

Results show that more efforts should be spend on preparing high-quality training data and dedicate more 592 

research towards reference data preparation and its incremental improvement. The target domain is 593 

affected by varying scene and image properties that are dependent on sensor characteristics (e.g., 594 

radiometry, spatial resolution), atmospheric conditions, land-use / land-cover of the background class 595 

and appearance of the water class. Despite our aim to cover such variations as part of the reference 596 

dataset, we decided to apply image augmentation to artificially increase the training sample size and to 597 

cover a larger range of conditions that may occur during inference in real-world applications. The need 598 

for augmentation has been reinforced by the outcomes of an experiment to test the influence of different 599 

levels and combinations of data augmentation on the segmentation results (Table 4). Although we are 600 

not specifically isolating the effects of single augmentations (contrast, brightness, scale and rotation) on 601 

the performance, it can be noted that scaling images during augmentation seems to improve the 602 

performance on images of a fraction of the original resolution. Test-time augmentation as well as 603 

resampling images before prediction (Table 9) did not improve results. Predicting on the original image 604 

and resolution seems to be the best choice, despite varying spatial resolutions across the test images. 605 

Similar to what is reported by Gebrehiwot et al. (2019) for the task of extracting flooded areas from UAV 606 

images, our results confirm that adapting pre-trained models is highly beneficial and can lead to superior 607 

performance compared to training with randomly initialized weights. While He et al. (2018) challenge 608 

the commonly used technique of pre-training on ImageNet and fine-tuning on custom datasets, we can 609 

report that for our use case pre-training on not remote sensing specific image databases like ImageNet 610 

helped to improve the results. Pre-training on a domain-specific water dataset of lower resolution 611 

Sentinel-2 images did not improve performance on tests scenario I and even produced lower accuracies 612 
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when transferred on test scenario II and III compared to a model with random weight initialization (Table 613 

5). A possible explanation for this behaviour could be that pre-training on Sentinel-2 emphasizes the 614 

importance of spectral intensity values for the final model, which could hamper the transferability to 615 

other sensors and tasks. In contrast, models pre-trained on ImageNet are known to be biased towards 616 

texture, which may increase the robustness towards a range of image distortions and thus support model 617 

transferability (Geirhos et al., 2019). This assumption is further supported by the observation that 618 

applying percentage linear contrast stretch improved model accuracies on test scenarios II and III (Table 619 

6 and Table 7). Similar to the findings of Kaiser et al. (2017)), our results indicate that by adding noisy 620 

large-scale training data (in our case from Mapbox images with OpenStreetMap annotations) 621 

performance improvements can be achieved with relatively little manual annotation effort.  622 

Moreover, we could show that adding a limited number of training samples from the target (flood water) 623 

domain, could further improve results on test scenario III (Table 8). This is particularly relevant for 624 

applications targeted towards flood disaster response. More flood samples are, however, required to 625 

further test and verify the effectiveness of this approach. Further approaches to improve model accuracy, 626 

especially on test scenarios II and III, include fine-tuning on limited amounts of domain-specific training 627 

data (e.g., from flood events and / or other sensors), multi-source domain adaptation by data 628 

standardization (Tasar et al., 2020) or few-shot learning (Rußwurm et al., 2020). 629 

6 Conclusions 630 

In this study, we combined different architectures (U-Net and DeepLab-V3+) with various encoder 631 

backbones (Mobilenet-V3, ResNet-50 and EfficientNet-B4) and tested their ability to delineate normal 632 

and flood water under varying environmental conditions and data availability scenarios. We introduced 633 

a reference dataset of 1,120 globally sampled images with quality checked binary water masks to train, 634 

validate and test the CNN models. Compared to previous studies, we considered a large variety of 635 

available satellite and aerial sensors as input, namely IKONOS, GeoEye-1, WorldView-2, WorldView-636 

3 and four different airborne cameras. Across several experiments we identified the superior performance 637 

of a U-Net Mobilenet-V3 model with initial weights being pre-trained on ImageNet. The best-performing 638 

model indicates good generalization ability across sensors and varying environmental conditions. In this 639 

context, not only the combination of architecture, encoder and weight initialization is relevant, but also 640 

the way training data are augmented. While a model trained with R-G-B-NIR-Slope input feature space 641 

produces the highest accuracies on all test scenarios (PT-1 Contrast), models without the NIR spectral 642 

band can achieve comparable results (TM-3). The benefit of a model that requires only R-G-B-Slope 643 
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input features is that it is applicable across a larger spectrum of sensors (e.g., none of the aerial images 644 

used in this study had an additional NIR spectral band available). Contrast enhancement and noisy 645 

training data from Mapbox and OpenStreetMap could improve performance on all test scenarios. By 646 

successfully applying the model to four exemplary flood events, we could highlight the usefulness of this 647 

work for rapid mapping activities to support situational awareness in emergency response. In particular, 648 

we could show that it is possible to train a model that is able to cope with highly diverse data availability 649 

scenarios in disaster situations. Our experiments further indicate that in order to improve flood mapping 650 

results it is beneficial to add even limited amounts of flood water samples during model training. More 651 

work is, however, required to further adapt to specific scene properties that are common during floods 652 

and that have caused misclassifications in the test images. This includes high degrees of sediment in the 653 

water, strong sun-light reflections on the water surface and presence of cloud and terrain shadows. 654 

Ongoing and future works focus on acquiring more samples for fine-tuning models with domain-specific 655 

training data from flood events and applying the method on large scale datasets of past floods (e.g., flood 656 

in Germany 2013 and 2021). Finally, the proposed method will support complementation of existing 657 

systematic water and flood monitoring services based on Sentinel-1 (Helleis et al., 2022; Twele et al., 658 

2016) and Sentinel-2 (Wieland and Martinis, 2019) with an ad-hoc component for on-demand very high-659 

resolution optical satellite and aerial imagery. 660 
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