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flood mapping

Nikolaos Ioannis Bountos'-2* Maria Sdraka'»2* Angelos Zavras'-?
bountos@noa.gr masdra@noa.gr azabras@noa.gr
Ilektra Karasante' Andreas Karavias' Themistocles Herekakis'
ile.karasante@noa.gr karavias@hua.gr therekak@noa.gr
Angeliki Thanasou' Dimitrios Michail? Ioannis Papoutsis'
thanasoua@gmail.com michail@hua.gr ipapoutsis@noa.gr
! Orion Lab

National Observatory of Athens & National Technical University of Athens

2 Harokopio University of Athens

Abstract

Global flash floods, exacerbated by climate change, pose severe threats to human
life, infrastructure, and the environment. Recent catastrophic events in Pakistan and
New Zealand underscore the urgent need for precise flood mapping to guide restora-
tion efforts, understand vulnerabilities, and prepare for future occurrences. While
Synthetic Aperture Radar (SAR) remote sensing offers day-and-night, all-weather
imaging capabilities, its application in deep learning for flood segmentation is
limited by the lack of large annotated datasets. To address this, we introduce Kuro
Siwo, a manually annotated multi-temporal dataset, spanning 43 flood events glob-
ally. Our dataset maps more than 338 billion m? of land, with 33 billion designated
as either flooded areas or permanent water bodies. Kuro Siwo includes a highly
processed product optimized for flash flood mapping based on SAR Ground Range
Detected, and a primal SAR Single Look Complex product with minimal prepro-
cessing, designed to promote research on the exploitation of both the phase and
amplitude information and to offer maximum flexibility for downstream task pre-
processing. To leverage advances in large scale self-supervised pretraining methods
for remote sensing data, we augment Kuro Siwo with a large unlabeled set of SAR
samples. Finally, we provide an extensive benchmark, namely BlackBench, offer-
ing strong baselines for a diverse set of flood events globally. All data and code are
published in our Github repository: https://github.com/Orion-Al-Lab/KuroSiwo.

1 Introduction

There is compelling evidence of compound effects that link extreme natural disasters worldwide
[66]. The Intergovernmental Panel on Climate Change (IPCC) [[72]] underscores that floods represent
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Figure 1: Spatial distribution of Kuro Siwo events.The test dataset encompasses flood events from
entirely unseen locations on Earth.

the most frequent natural hazard globally and are projected to increase in frequency and intensity
due to global warming [50, 6} 68]]. The causes of flash floods, and more significantly, their expected
impacts, exhibit significant variations contingent upon the exposure potential and vulnerabilities
inherent in the affected population [[77,37] and socio-environmental assets [54]. In fact, floods tend to
disproportionately affect the most impoverished and vulnerable segments of our society [67, 70, [11].
Research has revealed that approximately 170 million individuals exposed to substantial flood hazards
are struggling with extreme poverty [67].

Recent tragic incidents in Pakistan [81} [82] and New Zealand [28] exemplify the gravity of flash
floods, resulting in significant human casualties and substantial economic losses. According to the
World Bank [83]], the latest flood in Pakistan affected a staggering 33 million people, resulting in
over 1, 739 fatalities. The mismanagement of disasters triggered by floods in itself carries substantial
risks. For instance, stagnant floodwaters, which present a significant hazard for the transmission of
water-borne and vector-borne diseases, have left more than 8 million people in a state of health crisis
[83] with over 4 million children still living near contaminated floodwaters [81]].

Remote sensing (RS) provides an opportunity for systematic, rapid and accurate flood mapping [[14],
crucial for effective flood impact management. Accurate flood mapping streamlines disaster response
and relief efforts, allowing emergency responders, humanitarian organizations, and government
agencies to efficiently allocate resources, deliver aid, and support affected populations [36]. It
plays a crucial role in safeguarding critical infrastructure by identifying vulnerable assets [53]
and assists in assessing flood risks, guiding urban planning [23]], land-use zoning [61} I80], and
formulating flood mitigation strategies [42]. Accurate flood maps are indispensable for insurance
companies and financial institutions in evaluating flood-related risks, and managing financial exposure
[[76,152,[78]. In the face of intensifying climate change impacts, flood mapping is crucial for adapting
to evolving environmental conditions [S5]. Lastly, it contributes to scientific research, enhancing our
understanding of flood dynamics [49] and facilitating more informed decision-making in the long run
(5, [19].

The exploitation of satellite data for flood mapping has seen extensive use [[L0], particularly with
the emergence of Sentinel satellite platforms [79]. Specifically, the Sentinel-2 multispectral and
Sentinel-1 Synthetic Aperture Radar (SAR) missions offer global, detailed and frequent imaging of
the Earth’s surface. However, high precipitation and extensive cloud cover during flood events impact
multispectral sensors which effectively become blind and unreliable for operational scenarios. In
contrast, SAR operates seamlessly day and night, unaffected by weather conditions, making it better
suited for operational flood mapping. Thus, our research focuses on developing methods that can
rapidly map flooded areas using SAR data.

Modern computer vision methods have already shown great promise in multiple RS applications
[74, (7519, 162]. However, to the best of our knowledge, no machine learning method has notably
excelled in both robust performance and generalization across diverse global flood events. We identify
two primary reasons for this. Firstly, the task is inherently complex due to the presence of speckle
noise in SAR [43]], manifesting as random brightness variations in backscatter imagery. Second, deep



Table 1: Public datasets for flood mapping. S1 stands for Sentinel-1, S2 for Sentinel-2, GF2 for
GaoFen-2, GF3 for GaoFen-3, UAV for Unmanned Aerial Vehicle, DEM for Digital Elevation Model
and OSMh for Openstreet Map hydrography. Annotation methods are abbreviated as follows: A -
Automatic, SA - Semi-automatic, M - Manual, CEMS - Copernicus Emergency Management Service.
We assume the 7 continent scheme.

Tmagery # events in # conti- Annotation

Dataset Sources included? SLC GSD # samples sample size # events test set Timestamps nents # classes method
UNOSAT [60! S1 X X 10m 58,128 256x256 15 all + 1 new Post 2 2 SA
SEN12-FLOOD [65. S1, 82 X X 10m 336 512x512 - - Time series 3 2 CEMS
SenlFloods11 [8] S1,82 X X 10m 4,831 512x512 11 1 Post 5 3 M, A
Ombria (22! S1, 82 X X 10m 1,688 256x256 23 all Pre, Post 5 2 CEMS
WorldFloods [31 s2 X X 10m 185,574 256x256 119 6 Post 6 3 SA
GF-FloodNet [91 GF2, GF3 X X 1.5-5m 13,388 256x256 8 all + 3 new Post 4 2 SA
Global Flood Database [77 MODIS X X 250m 12,719 - 913 - Post 6 2 A
S1GFloods [71 S1 X X - 5,360 256x256 46 all + 2 new Pre, Post 6 2 SA
MMFlood [56 S1, DEM, OSMh X - 20m 1,748 2000x2000 95 34 Post 6 2 CEMS
RAPID-NRT [89 Nt X X 10m 559 - 4 - - 1 2 A
CAU-Flood 31 S1, 82 X X 10m 18,302 256x256 18 2 Pre, Post 4 2 M
FloodNet [64 UAV X - 1.5cm 2,343 4000x3000 1 1 Post 1 9 SA
ETCI2021 [59 S1 X X 20m 66,810 256x256 5 2 Post 3 2 -
Kuro Siwo (labelled) S1, DEM v v 10m 67,490 224x224 43 10 2 Pre, Post 6 3 M
Kuro Siwo (unlabelled) S1, DEM 4 v 10m 466,357 224x224 43 10 2 Pre, Post 6 3 M

learning methods require a substantial amount of well-curated training data to fulfill their potential.
While the Sentinel-1 mission offers abundant data for leveraging these methods in flood mapping, a
comprehensive and well-annotated dataset is currently absent. This phenomenon is magnified when
considering both the phase and amplitude information of SAR data.

To overcome this barrier, we curate time series data from Sentinel-1 SAR imagery linked to flood
events worldwide, and manually annotate them with the expertise of SAR specialists. We provide
two SAR products paired with the resulting reference annotation maps: Ground Range Detected
(GRD) SAR with preprocessing tailored for flood mapping and Single Look Complex (SLC) SAR
data with minimal preprocessing, containing both phase and amplitude signal. Additionally, we
incorporate unlabeled SAR samples, to facilitate the exploration of semi-supervised and large-scale
self-supervised learning (SSL). We name the resulting dataset “Kuro Siwo’%] and release it publicly
with the aim to propel research in this field towards developing operational tools that support civil
protection authorities for the greater good.

Our main contributions can be summarized as follows:

* We publish Kuro Siwo, a global, manually annotated multi-temporal SAR dataset providing
labels for 43 distinct flood events. Kuro Siwo consists of time series SAR imagery with dual
polarization paired with elevation information. Its sheer size, meticulous annotation process
and diversity make it a unique and highly valuable dataset for rapid flood mapping.

 Kuro Siwo is the first flood mapping dataset to provide both and coregistered GRD and SLC
SAR data, offering the opportunity to leverage both amplitude and phase information.

* We enhance Kuro Siwo with a large unlabeled SAR dataset, facilitating global representation
learning alongside a well-defined downstream task for evaluation. The final dataset contains
more than 1.6 million SAR images grouped into more than 533, 000 time series.

* We publish the first benchmark on Kuro Siwo, namely BlackBench, offering diverse and
strong baselines. BlackBench demonstrates the quality of Kuro Siwo, enabling the training
of models that achieve performance higher than 80%, 78% and 83% F1-Score for flood,
permanent and general water detection respectively on a challenging and diverse test set.

2 Related Work

2.1 Flood mapping datasets

In this section we summarize previous work on the creation of analysis-ready satellite based datasets
for flood mapping. Our investigation is focused on three key aspects. First, the provided satellite
sensors, second the ground truth generation process and finally the evaluation scheme. Please refer to
Tab. [T| for an overview of our analysis.

*Named after a poem by sailor-poet Nikos Kavvadias|(1910-1975).
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Several datasets, such as SEN12-FLOOD, SenlFloods11, Ombria, GF-FloodNet and CAU-Flood
provide aligned multisource satellite imagery, facilitating the utilization of multiple modalities. A
great number of datasets like UNOSAT, SenlFloods11, WorldFloods, GF-FloodNet, MMFlood,
ETCI2021 and FloodNet provide solely the post- ood acquisition omitting pre-event information
which could greatly assist the mapping process and alleviate false positive predictions on permanent
water bodies. In addition, databases like the Global Flood Database and RAPID-NRT comprise only
ood mappings with no corresponding input imagery.

Given the dif culty and cost of satellite imagery photointerpretation, the creation of ground truth
masks for large-scale datasets is not trivial, with many works offering automatic or semi-automatic
methods to alleviate the need for a laborious labelling process|(Jfab. 1). Some datasets, like the
Global Flood Database and RAPID-NRT, employ automatic annotation methods, introducing noise
and inaccuracies in the labels due to their reliance on input data quality. Others, such as UNOSAT,
WorldFloods, GF-FloodNet, S1GFloods, and FloodNet, utilize a semi-automatic pipeline where
automatically generated labels undergo re nement by human annotators. It's worth noting that
in SenlFloodsll, onl¢46 samples from a single event were manually annotated, while the rest
used a thresholding method without human intervention. Manual labeling through meticulous
photointerpretation produces higher-quality ground truth mappings. Nevertheless, this approach is
expensive, requiring expert input and potentially introducing annotator bias. Such labels have been
produced for the CAU-Flood dataset to generate binary ood/no ood masks.

The proposed evaluation scheme is crucial for assessing the generalization capabilities of any ood
mapping method. However, in SenlFloods11, WorldFloods, CAU-Flood, ETCI2021 and FloodNet, a
limited number of events are reserved for testing, potentially providing an insuf cient indicator of a
model's performance on unseen conditions. Additionally, in UNOSAT, Ombria, GF-FloodNet, and
S1GFloods, samples from all ood events are shuf ed and randomly split into training, validation,

and test sets, posing a risk of data leakage where samples from the same area and satellite capture may
appear in both training and test sets. To address this concern, the authors of UNOSAT, GF-FloodNet,
and S1GFloods have also performed evaluation on imagery from a small number of new, unseen
ood events, though these events are not included in the published datasets.

To our knowledge Kuro Siwo is the rst ood mapping dataset offering ground truth labels based on
expert photointerpretation at such an unprecedented stadvénts), with wide spatial coverage
spanningb out of 7 continents an@ out of 4 major climate zones. Kuro Siwo can be the rst step
towards unlocking the true potential of deep learning methods for rapid ood mapping.

It is worth noting that phase information of SAR imagery has been consistently overlooked by the
community regardless of the application. However, the phase signal can be used to generate useful
byproducts, such as interferometric coherence that is suited for change detection appl(Batiand [
especially for ood mapping@3]. In fact, SISLC_CVDL[P] and OpenSarShip2.@4)] are, to our
knowledge, the only existing substantial datasets offering SLC data, both addressing tasks unrelated
to oods. Kuro Siwo stands out as the only large-scale dataset that not only offers time series of SLC
data paired with high-quality annotations but also provides wide spatiotemporal coverage with 43
ood events from 2015 till 2022.

2.2 Deep learning for rapid ood mapping from SAR imagery

Several studies have explored the synergistic use of SAR and multispectral imagery, aiming to
capitalize on the strengths of both modalities. In works sucleglsaihd [22], simple CNN models

extract features from a time series of both modalities, concurrently leveraging spatial and temporal
contexts. In[B3] the authors investigate domain adaptation techniques applied to various machine
learning algorithms. Notably3[ 58, 92] focus on post- ood imagery and experiment with CNN
architectures distinguishing ood water from permanent water, assisted by auxiliary DEM input.
Transfer learning approaches between SAR and multispectral domains have been explored in works
like [46], [39], and [26], whereas in 31] a U-Net-like architecture with transformer modules is
trained on Sentinel-2 pre- ood and Sentinel-1 post- ood images.

Nevertheless, multiple studies have focused solely on the use of SAR imagery due to its all weather
imaging capabilities, and have designed various CNN architectures in order to segment the post- ood
SAR image into ooded/non- ooded pixels (e.g3§], [60], [85], [86], [13], [35], [1]). On the other

hand, a number of methods opt for bitemporal imagery as input to their models in order to perform
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