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Abstract

One of the critical factor. in operational satellite-based ood monitoring ef-
forts is the time it te'es from the acquisition of the satellite image to the
delivery of the < ood maps to users. Any human involvement, such as coordi-
nating satellite «.>auvisitions or manually interpreting images, can delay this
process. T) av.id such delays, a fundamentally new approach was adopted
for the Seriinel-1 based Global Flood Monitoring (GFM) service: All Syn-
thetic' Apcture Radar (SAR) images acquired by the Sentinel-1 satellites in
VV pu 2risation over land are processed entirely automatically, enabling ood
naps "9 be delivered within eight hours of acquisition. The ood maps, along
v. *th a iovel ood likelihood layer, are generated using ensemble approaches
"al . “tegrate three complementary ood mapping algorithms along with ref-
ere 1ce water maps to distinguish ooded areas from permanent and seasonal
water bodies. A notable feature of the service is its capability not only to
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depict ood-pixels evident in the Sentinel-1 images but also to provide contex-
tual information that identi es areas where o0od mapping is not feasibic u:
problematic due to land cover and environmental conditions. These aavonce -
ments were made possible through the use of a global 20 m backsc.cte * dat-
acube, which has enabled the characterisation of the backsceatter “»eaav our
for approximately 379 billion land surface pixels and deriving ti.> reicrence
water maps and a global ood archive. The GFM service was laur.ched in
2021 as a new component of the Copernicus Emergency Mariag > nt Service
(CEMS) and has quickly garnered attention from user: wr . ldwide. In this
review, we o er the rst comprehensive overview of the ¢>znti ¢ accomplish-
ments and challenges faced during the rst three y. rs of operations. This
analysis discloses discrepancies between the current ser.‘ce capabilities and
the requirements of operational users, and pro:+.des directions for future re-
search and service improvements, anticipatina ti,.increasing availability of
systematic SAR data coverage from ROSE- _ a:.d ather future SAR missions.

Keywords: Flood monitoring, Inland wiar, Coiitinel-1, SAR, Datacube,
Copernicus

1. Introduction

1.1. Satellite-based ood me “itoring

Signi cant e orts hav. .~en .1ade over the past years to improve ood
risk management. Europ 2an ai d global policy frameworks such as the Floods
Directive of the Eurc-can Cion and the Sendai Framework for Disaster Risk
Reduction have en~nled v 2 strengthening of prevention, preparedness, and
response to oods. W, le this has resulted in a decrease in ood fatalities and
economic loss. - for Europe (Paprotny et al., |2018), this is not true for other
regions of tha wo. 'd.+ In addition, the increase in weather and climate related
extremes 1nwai = the achievements in ood risk management. According
to the Inter avernmental Panel on Climate Change (IPCC), human-caused
climatz crionge is already a ecting many weather and climate extremes in-
cluding . oods in every region across the globe (Calvin et al., 2023). The re-
c.nt . vge-scale oods in central Europe in mid-September 2024, which were
Cetsed oy record-breaking rainfall over a period of four days, have demon-
~Zrawc? again the increasing challenges that civil protection and emergency
rec Jonders are facing in order to reduce the impacts of o0o0ds on our society
and economy (Kimutai et al., 2024).
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With the increasing availability of satellite imagery, particularly througth
Europe’s Earth observation programme Copernicus, satellite-based ood 1.0
itoring has become a crucial tool for ood response. It 0 ers a rapican
e cient overview of ood situations, especially for large-scale oruJ ¢ .ents.
As part of the Copernicus Emergency Management Service (CZMS, <ate iite
imagery is routinely used to generate ood maps within hours cv u.vs, otlow-
ing activation by authorised users from European Member Stai>s ar.d other
countries participating in the European Civil Protection M2t 'sm (Denis
et al., [2016). The on-demand CEMS Rapid Mapping sfiVic ¢ operates 24/7,
providing geospatial information on the impact of selec*.d d sasters world-
wide using both optical and radar satellite images \\ \imar et al., 2017). In
this paper, we present CEMS’s new Global Flood Monitc-ing (GFM) compo-
nent, which provides in near real-time, continuntsly, and fully automatically,

ood maps together with contextual auxiliar\ lay s.

1.2. Systematic observation capabilities of < <atiral-1

The potential of SAR sensors for ¢odnaoping has been recognised since
the inception of spaceborne SAR missic s ir the second half of the 20th cen-
tury. Following the launch of Seasat i, 1978, the rst civil satellite equipped
with an L-band SAR sensor, resea. ~here started exploring the data for ood
mapping and water resources evaluati.n (Imho et al., 1987). SAR technol-
ogy is particularly e ective‘n. detecting surface water features under cloudy
conditions, thanks to its'au.'ity 0 penetrate the atmosphere at microwave
frequencies and the con rastir J return signals from smooth water surfaces
compared to rough “c.xan, (cewis, (1998). This capability allows SAR to
overcome the limitc ‘ions ased by cloud cover, which often obscures visibil-
ity for optical satellivc systems, particularly during the initial phases of a

ood. Conse. ently, Imho et al. (1987) predicted that SAR would become
a powerful *=al 1¢=rneasuring and monitoring ood progression as satellite-
acquired SAR n.2agery becomes available worldwide in the 1990s.

Thig nrediction turned out to be only partially true. While the rst gen-
eratin 1 of JAR satellites launched in the 1990s, including ERS-1 and ERS-2
from Ecrope, JERS-1 from Japan, and Radarsat from Canada, enabled nu-
nerou - sclenti ¢ studies that investigated algorithms for extracting ood
e~ent. Oberstadler et al., 1997; Wang, 2004), their impact on real-world

000 Monitoring e orts was limited. The problem was not the quality of the
da .a, which was excellent for a rst-generation technology (Meadows et al.|
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2001), but rather data availability. Essentially, due to the lack of frequent ob-
servations, one had to be "fortunate™ to obtain a high-resolution SAR imayc
of a ood (Kiage et al., 2005). This had technical and organisatioria: *ec -
sons. The main technical constraints stem from xed satellite orbi*s a d the
high energy demand of high-resolution SAR imaging modes. 3pac. ~.gen :ies
tried to mitigate these restrictions by developing SAR instrumanc. wiur mul-
tiple imaging modes that enable the acquisition of SAR images vith varying
spatial extents, resolutions, and incidence angles (Raney et «..?'91). Con-
sequently, users had to select and request appropriate /oA’ . images several
days in advance of acquisitions, which is very problem:*.c, rarticularly for
ood mapping applications.

Improving data availability during ood situations «>n be accomplished
through various strategies. The most straightfurward solution is to gather
data from as many SAR (and optical) satellites as possible (Voigt et al.,
2007)), a concept supported by the Internat’)na. Charter on Space and Major
Disasters. This strategy is gaining momentc 2 w.th the deployment of large

eets of small, programmable SAR se .ell’.es, as seen with new commercial
SAR data providers (Ignatenko et al., "024,. A crucial component for the
success of this strategy is to have ac.var.. » knowledge of the locations requiring
data collection. This can be fac.'itate ] by leveraging hydrological model
predictions (Boni et al., |2016; Wani. et al., 2021) and monitoring social
media posts (Rossi et al., 20-?). An alternative strategy is to develop SAR
missions that provide freq,uct hign-resolution coverage without the need for
programming-speci ¢ in age a quisitions. This was the road chosen for the
Sentinel-1 mission. ..>teaw of 0 ering many di erent imaging modes like
its predecessors, Statinel-: was developed to operate in a limited number
of pre-programmed, cc . ict-free modes, allowing for high-resolution imaging
of the Earth’. surface with extended swath width and duty cycles (Torres
et al., 2012} Adtionally, from the outset, Sentinel-1 acquisitions have
been scheculea »ccording to a stable and prede ned observation scenario,
with su« cle.t resource margin to exibly handle emergency requests (Potin
et al..'201.>. The duty cycle, which determines the sensor’s e ective ground
coveray ™ per orbit revolution, is probably one of the most overlooked SAR
n issiv > characteristics. With a duty cycle of 28 min and a swath width of up
tv 250 .m, even a single Sentinel-1 satellite achieves a daily global coverage
~.nma"ched by any of its predecessors or small SAR satellite swarms. For
the Sentinel-1 Next Generation, the duty cycle will be further extended to
approximately 38 min and the swath width to 400 km (Torres et al., 2024).

4
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Sentinel-1 was developed as a constellation of two SAR satellites ying
in a near-polar sun-synchronous orbit with a 12-day repeat cycle (i.e. ‘i
time between two successive identical orbits). Together, the two saw!'ites
achieve a combined orbit repeat cycle of 6 days. The rst two au .lites,
Sentinel-1A and Sentinel-1B, were launched in April 2014 and‘Apri “J16 re-
spectively. Unfortunately, Sentinel-1B failed prematurely in D2ce nber 2021.
Sentinel-1C was launched in December 2024 and Sentinel-1D \ ill 1ullow in
2025. The principle Sentinel-1 acquisition mode over lana o *h Interfero-
metric Wide (IW) swath mode, which captures three ub: swaths using an
advanced ScanSAR technique introduced by De Zar &4 Monti Guarnieri
(2006). This results in 250 km wide images with a‘.atial resolution of ap-
proximately 3 m in range and 22 m in azimuth directio: > (single look). The
on-board SAR sensor can emit and receive pol=rized electromagnetic waves
along both vertical (V) and horizontal (H) rlanc>. The base con guration
over land is to collect IW imagery in VV anc VVH polarisation. According
to the Copernicus Sentinel Data Access An. 'al "Report 2023, the Sentinel-1
mission produces up to 6 terabytes de'ty ~.nd the delivery time of near-real-
time products can be as fast as 1 hou. ifte’ data acquisition. The average
revisit time (i.e. the time betweer twc subsequent images of the same area,
which may be observed from di «ent ¢ rbits) of two Sentinel-1 satellites is
illustrated in Fig. [I, based an all Iv.".images acquired by Sentinel-1A and
Sentinel-1B from 2016 to 2u.1. Europe is covered best, with revisit times
ranging from 1 to 3 days.~c:oti.cr priority regions, as outlined in the obser-
vation scenario, the aver :ge re isit time is between 4 and 6 days. Most other
land areas are obser:'C'.eve., 6 to 12 days, although some individual orbits
covering high-latite'e reg. °ns, Africa, islands, and coastal regions have even
longer revisit intervals.

< Fig. [I]>

1.3. SAR-Lsed ood mapping

Fliod ' rapping is among the rst and most important applications of
spaceb.vne SAR missions (Amitrano et al., 2024). Most ood mapping stud-
i€s Ste. 't from the premise that backscatter from water surfaces is lower than
t.>t frem surrounding land. Consequently, many algorithms concentrate on
-.etecing areas of low backscatter within individual SAR images. Assum-
inr that all detected areas represent water surfaces, ood extent is obtained
uy subtracting permanent water bodies (Twele et al., [2016; Rahman and

)
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Thakur| 2018). The techniques used for mapping water surfaces are diverse,
ranging from multi-scale thresholding methods to fuzzy classi ers and G eg
learning approaches, often enhanced by post-processing steps for imag.in .-
provement (Bentivoglio et al., 2022; Amitrano et al., [2024). W'iie these
algorithms generally perform well under ideal conditions, vcriou. nys.cal
factors can disrupt the assumption that backscatter from cou 4 aeas is
consistently low while that from land is higher. Some e ects ccn even com-
pletely obstruct the detection of ooded areas.

The physical mechanism responsible for the high cuntrist in radar im-
agery between ooded and non- ooded terrain is the ecular, mirror-like
re ection of SAR signals from smooth water surfac.” whicn produces very
low backscattered amplitude. However, various factors y *vind, rain, variable
water depths, and obstacles obstructing water . ow { can induce ripples and
waves on the water surface that signi cantly incre>se backscatter (Dasgupta
et al., 2018). Additionally, vegetation and ottcr.objects that extend above
the water’s surface can increase backscatte di’: to direct scattering from
these objects and double bounce e ect orcurring between the water surface
and the scattering elements. In these si. atic s, the contrast between ooded
and non- ooded areas may lessen ¢ r ai.2ppear entirely. When double bounce
e ects are pronounced, it may eve, he psssible to identify ooded vegetation
and urban regions by detecting very s.:ong backscatter echoes (Tsyganskaya
et al., 2018; Mason et al., 20.1).

Even when backscatts, ..2m ..ie water surface is low, confusion can arise
with water-free land arec = that also appear dark in SAR images (Lewis, (1998;
Zhang et al., 2020) - The.c water-lookalike areas include sandy (beaches,
sand dunes, etc.) <d pa.v2d (airport runways, parking lots, etc.) surfaces,
which have a smooth >xture at radar wavelengths, resulting in consistently
low backscatu - throughout the year. Other land surfaces may exhibit low
backscatter.~nly t'ving speci c seasons or environmental conditions, such
as when t*ae su.'s and vegetation are dry, frozen or covered by wet snow
(Pulvireati .+ al., [2014). Additionally, SAR imagery exhibits dark, noisy
patchcs in sadar shadow regions. All these water-lookalike areas contribute
to amvquities in SAR image classi cation, leading to false alarms. Such
feise «’arms can be removed in sloping terrain by using topographic indices
t.>t de ive drainage patterns or valley bottoms from digital elevation models
-DEn?) (Huang et al., 2017). In ood mapping, probably the most widely
us:d terrain index is the Height Above Nearest Drainage (HAND) index,
which expresses the height di erence between a DEM cell and the closest cell

6
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of the drainage network along the actual ow path (Renno et al., 2008).

Another, more important way to reduce false alarms is to employ chayc
detection techniques that compare a SAR image acquired during the =201
with a reference SAR image depicting non- ooded conditions (Cari: cotte
et al., |2006; |Giustarini et al., |2013; lLong et al., 2014). The assu »Jtio 1 is
that only SAR pixels showing a drop in backscatter value fro, tric non-

ood image to the ood image correspond to ooded areas. I adu.tion to
minimising the false alarm rate, change detection techniquco s mplify the
process of establishing thresholds that are e ective acruss various environ-
ments and weather conditions (Tupas et al., 2023b), an '‘chey eliminate the
need for external datasets to delineate permanent v. ter surfaces. However,
one challenge is to select suitable SAR reference image. that best represent
‘'normal’ conditions (Hostache et al., 2012). P thermore, change detection
does not solve the problem of underdetection in ca.~ the backscatter from the

ooded areas is elevated due to a rough ws cer surface, emergent vegetation,
or buildings.

In their review of SAR-based 00 rmronitoring, Amitrano et al.| (2024)
highlight that monitoring oods in vey:.ate and urban areas still presents
signi cant challenges due to the ‘con,lex scattering mechanisms that im-
pede accurate water region extracion.. They recommend employing multi-
dimensional SAR data (e.g.. multi-pha.>. multi-polarisation, multi-frequency)
to isolate the di erent scatic.ing mechanisms that contribute to the overall
received signal. Furtherrtuio thic thematic accuracy of ood mapping algo-
rithms is often enhancec throt gh the integration of ancillary datasets, such
as land cover inform.ian (.vang et al., |2022), radar shadow masks (Rees,
2000), and topogrohic 1odices (Tupas et al., |2023a). Beyond improving
mapping accuracy, mu ti-dimensional SAR data and ancillary datasets play
a crucial role "1 estimating retrieval uncertainties and delineating exclusion
areas where-*he vesence of water simply cannot be determined from SAR
backscatt=" obs.~vations due to physical reasons (Zhao et al., 2021a), as is,
for exar»ole, *he case in tropical forest regions (Carreno-Luengo et al., 2024).

1.4. S ope or the ood monitoring service and this review

As noted by [Solbo and Solheim| already in 2004, operational ood moni-
turing «ervices require fully-automated methods capable of processing avail-
Ole JAR data in near real-time (NRT). One of the pioneering studies that
iny astigated the use of Sentinel-1 SAR data for NRT ood mapping was con-
uucted by [Twele et al. (2016). They demonstrated that, without requiring

7
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user intervention at any stage of the o0od mapping process, time-sensitive
disaster information could be produced in less than 45 min after a new datcset
was made available on one of the Sentinel data hubs. Recognising the u.:iau»?
opportunities presented by such NRT capabilities to enhance the “imr iiness
of information during emergencies, the European Commission i. i“ated a
feasibility study for an automated, global, satellite-based o0na »oruworing
product. The main conclusion of this feasibility study was vrat scate-of-
the-art, scienti ¢ methods for automatically detecting and w.cntying ood
events are mature and ready for operational implemen.ati.n for Sentinel-1
(Matgen et al., [2019). Following the study’s recommenc >.ion< on the design
of the data processing architecture and system requ. *ments (Wagner et al.|
2020), a fully automatic global Sentinel-1 processing s,-tem was set up in
less than a year and put into operations at the :nd of 2021 (Salamon et al.,
2021). This so-called Global Flood Monitorina ("=M) service is a new and
independent component of CEMS, comple ner.cing its ood early warnings
and on-demand mapping services (Matthews 't a'./|2025b; Denis et al., 2016).
All worldwide GFM ood data are fr:elv available in NRT, as well as the
historic data from an archive covering ‘ne ~omplete Sentinel-1 observation
period (from 2015 to present).

The CEMS GFM service is ac igner. to provide continuous global ood
monitoring by automaticallv nrocessii. . and analysing all incoming Sentinel-1
IW images over ice-free lanc.. ~or cost reasons, the service utilises so far only
one polarisation of the ).v ‘maycs. VV polarisation was selected over VH
polarisation because stu 'ies h. ve shown that VV polarisation o ers slightly
higher thematic acci.c2v cenpared to VH polarisation (Twele et al., |2016).
When there are no'- elays .2 the provision of Sentinel-1 data on the Coperni-
cus data hubs, users c.n expect 20 m resolution ood maps within 8 h after
image acquisi. on. The service employs three independently developed ood
mapping alzariti. e to enhance the robustness and accuracy of ood and
water extaat mens, and to build a high degree of redundancy into the ser-
vice. Te ass.>t users in interpreting the GFM data, the products do not just
contai bi.ary  ood maps but also ood likelihood values and detailed con-
textua, ‘nformation, including data layers showing permanent and seasonal
water nouies, environmental conditions that may a ect the quality of the

«d iriormation, and exclusion areas where Sentinel-1 is unable to provide
000 ata.

In terms of the data processing e orts alone { without even considering

wne complexity of the scienti ¢ algorithms { the CEMS GFM service stands

8
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out as the largest systematic initiative for operational SAR-based ood mon-
itoring. Other SAR-based systems typically focus on speci ¢ regions, i ui¢
transparency, or still require some degree of user interaction to starc ©A.2
data processing. For instance, Ohki et al.| (2024) recently introduces T - rst
ALOS-2-based algorithms designed for rapid and automated < ooa “.tec ion
in Japan. E orts to create regional-scale Sentinel-1-based o0na oriworing
capabilities have often leveraged the Google Earth Engine (GEL), wiich has
emerged as a powerful web platform for managing large sateinc 2. tasetse -
ciently (Velastegui-Montoya et al., 2023). For example, "oe\ .les et al.| (2020)
describe a method for NRT ood monitoring that con ~>ines contemporary
SAR time series with historical Landsat data on t. . GEE, enabling rapid
discrimination of oods and previously inundated areas. [Tsyganskaya et al.
(2018) present an advanced GEE solution by /t corporating both ascending
and descending passes, integrating slope and.elev. *ion parameters to reduce
false positives in hilly terrains, and optimi¢,no on-the- y processing to elim-
inate unnecessary computations.

The purpose of this paper is to ¢ive-a comprehensive overview of the
CEMS GFM service, discussing in Sec:"on [] how the service was set up to
bene t from novel scienti ¢ algor.thr,.> and Big Data solutions in a cloud
platform environment. The servic: rest; on a global Sentinel-1 backscatter
datacube system that allows analysing the complete mission data archive for
all continental land surface‘c.2as. After presenting results in Section [3, the
technical and scienti ¢ ckaicngec encountered during the rst three years of
operations are discussec in Se ;tion [l Finally, in Section [5| we identify the
main discrepancies Fciree, wne current characteristics of the CEMS GFM
service and user ri-2ds, «id provide directions for scienti ¢ research and
system development 1c enhance NRT ood monitoring capabilities.

2. Methor..

2.1. Apnrocth

Tte tac - of SAR-based o0od mapping is commonly approached from an
imane 'assi cation perspective (Manavalan, 2017). In contrast, the CEMS
C FM _2rvice treats it as a geophysical variable retrieval problem, similar to
ni.*horologies used for soil moisture (Quast et al., 2023) or biomass (San-
Jro «>d Cartus, 2018) retrievals. The key distinction is that image-oriented
ap Jroaches focus on classifying water surfaces visible in SAR images, while
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geophysical approaches emphasise the physical aspects of the problem, tak-
ing into account the sensitivity of backscatter measurements to the tai et
variable under varying environmental conditions. This perspective Ca.:2.fLr
an accurate description of retrieval uncertainties accounting for bot:1 v 2 vis-
ible and hidden components present within a SAR image. Coiisequ .cly. the
CEMS GFM service was designed not only to map ooded ar2a. ~viuent in
the Sentinel-1 images but also to describe the associated unce. taindes and
exclusion cases. It achieves this by leveraging the informac=>n content of
the Sentinel-1 time series and by fusing single-image, c'ual-.mage, and time
series-based ood mapping algorithms using ensemble aj. ~.oac 1es. Addition-
ally, contextual information layers are derived by cc. bining Sentinel-1 data
with ancillary datasets, such as surface water data, fore.* maps and a global
settlement data set.

The GFM work ow is depicted in Fig. [ n.:strating the step-by-step
generation of the GFM data products from che sentinel-1 IW Ground Range
Detected (GRD) images and ancillary data.  <he' rst step of the NRT work-

ow is to preprocess the GRD images, r roc ucing geometrically and radiomet-
rically corrected images of the backsca “erirg coe cient . The  images
are then ingested in a global Sercne: 1 datacube (Section [2.4.1) and for-
warded to the three ood classi < fion algorithms (Sections [2.2.1] to [2.2.3)
and the advisory ag module (Sectior.. After classifying each  image
using the three complementu © ood mapping algorithms, they are combined
using two ensemble apprrac. °s u.at produce a binary ood map and a ood
likelihood layer, respect vely ' Section [2.2.4). The NRT work ows utilises
additional inputs th.. weic derived o ine by analysing the historic data
within the Sentinel’ data.ube along with high-resolution ancillary datasets,
namely a harmonic ba.'.scatter model required by the time series algorithm,
monthly refer 1ce water maps (Section and the exclusion mask (Sec-
tion [2.3.2). = tho frllowing subsections, we examine the scienti c literature
and key arijume.ts that in uenced the design of the di erent algorithms and
technica! so. 'tions. More detailed descriptions of each processing step and
the as,oclc2d technical speci cations can be found on the Wiki pages of the
GFEM s vvice (https://extwiki.eodc.eu/en/GFM). The Wiki pages also serve
a, a 1.niseer of the changes made in the GFM implementation. This paper
accerib is GFM version v3.2.0 released on 27t November 2024,

< Fig. 2 >
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2.2. Flood mapping algorithms

The three algorithms used for mapping ood extent have been develoy cu
by the German Aerospace Centre (DLR), the Luxembourg Institute 0i T4
ence and Technology (LIST), and the Vienna University of Technr oo, (TU
Wien). Each algorithm employs distinct strategies and data inpL*. to ad-
dress the complex scattering mechanisms, resulting in output: ti.>t are not
directly comparable at rst glance (see Table|1). The single-ima_e alyorithm
from DLR estimates the total water extent captured in an imay> which in-
cludes both seasonal and permanent water bodies as v ell . 1s. ooded areas.
Next, the dual-image algorithm from LIST compare: t. - cod image with
a recent SAR scene acquired from the same orbit, < :alysing the statistical
properties of both the backscatter intensity and the ci.inges observed be-
tween the two SAR images. It can therefore de=cribe recent water and ood
dynamics. Finally, the time-series algorithm-='avei.ned by TU Wien focuses
on the di erence between the ood image nc a reference SAR image simu-
lated by a harmonic backscatter model that v, > *;ained on historic Sentinel-1
observations. As a result, the TU Wie a’gorithm provides the ood area in
relation to a long-term seasonal mean. . 2e 7 erences in the target variables
of the three algorithms can be reconciic ¥ by using reference water maps that
allow distinguishing between permc=ent inland water, seasonal ooding, and
the real ood extent. The mmain scienc: ¢ concepts behind each of the three
algorithms are discussed in ti. following.

< Table [l >

2.2.1. Single-image classi er

The algorithm frori. DLR is designed to derive individual scene-dependent
threshold valu s for data of various SAR sensors acquired with di erent sen-
sor con guration. (“e., polarisation, beam mode, and incidence angle) and
estimates.ihe tcral water extent captured in one single image. It was orig-
inally daveicned by Martinis et al. (2009, 2015) for automatic ood detec-
tion ii, Te. aSAR-X/TanDEM-X data, and was adapted to Sentinel-1 data
by [Tw.'2 et al.| (2016). The classi cation is initialised by an unsupervised
h'erai  hical tile-based thresholding procedure, which solves the water detec-
Licn prablem even in large-size SAR data with small a priori probabilities
+ 1 the class-conditional densities of water in a time-e cient manner. First,
th: SAR imagery are tiled according to a bi-level quadtree structure and
a limited number of tiles are selected, which are characterised by a high
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probability to represent a bimodal distribution of the classes to be separatec
(i.e., water and non-water areas). Local threshold values are computed ti ..
histograms of the selected tiles using a parametric thresholding app.~ac?
(Kittler and Illingworth, 1986). A global threshold computed bas.a « a the
arithmetic mean of the local thresholds is applied to the SAR Jata ™~ der! ved
an initial water mask. In order to exclude water look-alikes anc to reduce
under-estimations, the initial classi cation result is optimised sing a fuzzy
logic-based post-classi cation approach by combining di erc..*. xformation
sources (backscatter, elevation and slope information &5 w.il as size of ini-
tially derived water bodies). Fuzzy region growing is p.v.orrad in order to
iteratively enlarge the water bodies until a tolerance = riterion is reached and
to increase the spatial homogeneity of the detected wate » areas. The HAND
index is used to reduce potential misclassi caticn in non- ood-prone regions
with an empirically de ned value above the drai 2ge network. Finally, the
monthly reference water reference maps a'e v.ec to separate ooded areas
from permanent or seasonal water bodies.

2.2.2. Dual-image classi er

LIST’s ood mapping algorith:.1 1s *unaamentally based on a dual-image
approach utilising SAR from the ame rbit, applying a sequence of statis-
tical backscatter modelling, region y.awing and change detection (Matgen
et al., 2011). It was initial , designed o enable an automated on-demand
mapping of water bodies .o supcort disaster risk reduction at large scale.
It later evolved into an lway: -on systematic monitoring tool that analyses
newly obtained pairs ¥ S, = "1mages acquired from the same orbit and up-
dates a regional ~cdwaw r extent with each new image acquisition (Chini
etal.,2017,2020). Tr..> algorithm operates iteratively, enforcing a systematic
mapping of v."cer body and ood dynamics on a large scale. The process
is initiated hv c.'ibrating the parameters of the probability density func-
tions (PDi-s) v automatically and adaptively retrieve thresholds for the
region-crow.ng process. This involves modelling backscatter values linked
to op¢n woter podies and changes derived from ood and di erence images,
respec.Mely. The employed hierarchical split-based approach identi es spe-
¢’ ¢ s hsecs of the images characterised by a substantial amount of water and
L anger. pixels, where the bimodality of the histogram becomes evident. This
. narcoteristic facilitates a more robust estimation of the model parameters.
Tk 2 advantages of this dual-image method include its ability to distinguish
wvetween oodwater and pre- ood water bodies while simultaneously lever-

12



386

387

388

389

390

391

392

393

394

395

396

397

398

399

400

401

402

403

404

405

406

407

408

410

411

412

413

214

415

416

417

418

419

422

aging the fact that image pairs allow distinguishing slow and fast changing
processes impacting backscatter. This allows Itering out categories \1at
exhibit water-like backscattering values, including shadows and smoou .2t -
faces, as well as improving the detection of backscatter reduction <au: :d by
vegetation and dry soils. Utilising reference and ood images‘fron. t'e s:.me
relative orbit and with identical incidence angles minimises false 2larins re-
sulting from varying geometrical acquisition characteristics. . urtrizrmore,
selecting images that are temporally closest reduces the e ec.o2. variations
in vegetated regions (Zhao et al., 2021b), rendering this‘me:nod particularly
e ective for Sentinel-1 data, which features a 6-day rene > cyr.e and ensures
systematic and consistent image collection. This C”ange aetection con g-
uration allows for the identi cation of waters that hav. emerged since the
previous satellite acquisition. Subsequently, the algorithm analyses regions
where the oodwater might have diminished.in ccmparison to the reference
image. The two types of detected changes ¢ ‘e )itimately employed to update
the ood extent map generated in the previ :1s catellite cycle.

2.2.3. Time-series classi er
The time-series based ood m/pp. 9 aigorithm is based on two decades
of research carried out at TU Wie, aime | at large-scale monitoring of surface
water dynamics from SAR data. Ini.:al research concentrated on monitor-
ing wetlands in boreal anc .:tb-arctic environments, where simple thresh-
olding methods proved e *ive Lue to the strong contrast between water
bodies and surrounding land reas (Bartsch et al., 2007). However, when
applying these meth~'~ tu =2yions in Africa (Bartsch et al., 2009) and Asia
(Greifeneder et al.,{~014), '+ became clear that more sophisticated approaches
were necessary to acc.int for spatial backscatter patterns. This realisation
ledSchla ere™al. (2015, 2016) to develop a harmonic backscatter model that,
after calibration ith historical backscatter time series, enables the simula-
tion of extecte ' backscatter values for each pixel and day of the year. By
comparing c~served backscatter with expected values, it becomes possible to
identi’y ar.>malously low or high backscatter, with low values indicating open
ood v.~ter and high values pointing to ooded vegetation. To quantify the
uicerinuy, the di erence between observed and expected backscatter was
n.terpre ted as a measure of con dence, prompting the introduction of PDFs
or 1.2d and open water surfaces, and the estimation of ood probabilities
us'1g Bayes’ theorem. While [Schla er et al. (2017) worked with Advanced
oynthetic Aperture Radar (ASAR) data from the ENVISAT mission, which
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sampled backscatter observations quite uniformly over the entire incidence
angle range, the application of this method to Sentinel-1 data proved c.
lenging due to the mission’s systematic coverage, which results in vei .-
even data sampling at di erent locations on the Earth. Therefor:, |r auer-
Marschallinger et al.| (2022) had to adopt the Bayesian infercnce »udel for
application with Sentinel-1 IW data collected from di erent asc.ndiny and
descending orbits. They also re ned the methods for the mas: ing uf radar
shadow areas, water look-alike areas, areas of no-sensitivity uo2 9 obstruc-
tive land cover, and ill-posed SAR settings, thereby enkanc.ng classi cation
robustness.

2.2.4. Ensemble algorithms
The GFM ensemble algorithms integrate tr.2 results from the three in-
dividual ood mapping algorithms in order to produce two output layers,
namely a binary ood map and a ood like'thcud. layer (Fig. [8). The binary
ood map is the main GFM output and is '«ases on the idea of combining
the three o0od maps by means of a niajc ity voting mechanism. However,
there are instances when only one or v/, of (he three individual ood map-
ping algorithms produce valid outsuu les tor an incoming Sentinel-1 scene.
Therefore, in order to make bes. use ¢ all acquired scenes, the ensemble
algorithm producing the binary ooau ™Maps is essentially a decision tree that
considers several cases. In % > standard case, when all three ood mapping
algorithms yield valid resi.c the inary  ood map is generated by classifying
pixels as ooded when & least two of the three algorithms had classi ed the
pixels as ooded. In-c2ses 'iere one algorithm fails to provide a result, the
remaining two alger thms “deally reach a consensus. If there is disagreement
between them, the cla.=i cation with the greater con dence level is selected.
If both algori.* ms disagree but have equal con dence, the ensemble defaults
to classifyin the ~ivel as  ooded. If only a single algorithm returns a result,
this result s au nted by the ensemble.

< Fig. B>

v encdre that known water bodies are not mistakenly marked as ooded
« 2as, ¢ | results are corrected using the monthly reference water maps, which
cie e permanent and seasonal water extents (Section[2.3.1). If the majority
of " Igorithms classify a pixel as water but it overlaps with a (semi-)permanent
w.ater body in the reference water map, this ood detection is overwritten.
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The total water extent can then by determined by blending the ood extent
and the reference water maps. In addition, an exclusion mask as descri.ec
in Section [2.3.2] is applied to remove misclassi ed ood pixels arising 0i2
non-sensitivity, radar shadow, permanent low backscatter, or to',o0g: aphic
distortions. Finally, ocean areas are excluded based on the Coperni 5 W ter
Body Mask.

The second output from the GFM ensemble module, the  oou likeli-
hood layer, is derived independently from the binary oou .32 by fusing
the ood likelihoods estimates from the three individuu @ gorithms (Krul-
likowski et al., [2023). The ood likelihood indicates *he v rob .bility of ood
detection for each pixel. Lower likelihood scores sigri\/ greater con dence in
non- ood classi cations, while higher values indicate 1 ~reasing con dence
in ood classi cations. Since the TU Wien’s Bavesian algorithm outputs un-
certainties, these are inverted to align with the Iir>lihood values of the DLR
and LIST algorithms before combining the n ir. the ensemble. The ensemble

ood likelihood is then computed as the ar.”am ¢ic mean of all successfully
computed likelihood layers from the t'ree individual algorithms. While not
carried out by the GFM service itsei. the ood likelihood layer may be
turned quite easily into a binary / oo. map adapted to local conditions by

ne-tuning a threshold above wh, Y a rixel is classi ed as ood and below
as non- ood.

2.3. Contextual informat’<.

Contextual informati »n on ocal conditions and how they impact the SAR
measurements is crize.o! Tu. e correct interpretation of SAR-based ood
maps, allowing use.* to as.ass the usability of the ood product and the im-
pact of the ood. Tho. rst important contextual data layers are reference
water maps ti t allow distinguishing between ooded areas and the ‘normal’
permanent 2= seos7nal water extent as seen by the SAR sensors. To achieve
this, the refererc» water maps must also be derived from the same SAR sen-
sor. Fat'ing . do so, such as when comparing SAR-derived o0od maps with
optica, sui.>ce water data, leads to systematic di erences related to the dif-
ferent ."2vsical sensitivities of the sensors. Furthermore, emergency managers
a 1d oer users must be aware of the areas where the SAR sensor cannot de-
te t 0.ds due to physical factors. Unfortunately, explicit information about
» xcluc'an areas is often missing in operational services and scienti ¢ stud-
ies (Lahsaini et al., [2024; Al-Ruzouq et al., [2024). Furthermore, users must
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be informed about environmental and meteorological conditions that coulc
interfere with ood detection.
The following subsections describe the methods used by the GFM scnvic»
to generate monthly reference water maps, an exclusion mask, anc ao isory
ags, which are all tailored to the physical characteristics of the Senu vel-1 vV
data. Finally, to help GFM users quickly evaluate potential -oc? 1mpacts,
the ood maps are combined with land cover and population a. tase.s.

2.3.1. Reference water extent

In satellite-based o0od mapping, inundation extent i +,pic dly derived by
comparing crisis data with water extent under norm: hyaruiogic conditions,
either through change detection or by using static re..rence water masks.
Change detection often involves manually (O’Crady et al., 2011; Ban and
Yousif, [2012) or automatically (Hostache et al . z*?2; |Li et al., 2018b)) select-
ing pre-event images from the same seasor. P:ference water maps, derived
from independent sources, can also di ere.“tatr ood waters from normal
conditions (Martinis et al., 2015; Twelc et l., 2016), though their suitability
depends not only on matching sensor *.ara teristics but also stable hydro-
logic conditions. For areas with se.soi.>l cnanges, month-by-month mapping
is preferable to capture temporar -ariat ons in surface water extent (Marti-
nis et al., |2022). In this context, stav. tical computations on remote sensing
time-series data are promisi:.. to re ect seasonality in the products (Fichtner
et al., 2023). Water frequ~..c.* ap,.. oaches rely on calculating the frequency of
water presence over time to dis inguish permanent water bodies from seasonal
ones (Wieland and M _-tn..2;2019). Median image approaches, in contrast,
use the median pix> valuc> over a reference time period to generate a single,
stable representation £ water extent that smoothens out transient changes,
making it we,' suited for identifying consistent water features.

As recommel, 'oc’ by Martinis et al.| (2022), the GFM service has derived
twelve mot thly -eference water maps, each re ecting the extent of both per-
manent.anc. seasonal water bodies. These reference water maps were pro-
duced usii. ar ensemble water mapping algorithm based on Sentinel-1 me-
dian L. ~kscatter intensity data over a prede ned time period of several years.
Tae st version of the data was based upon two years (2019-2020), the most
rerent © ne upon ve years (2017-2021). The ensemble method uses only the
OLKk and LIST algorithms that map water extent and calculate likelihoods
for each pixel. The TU Wien algorithm was not used as it maps only ood
areas. In cases where the DLR and LIST algorithms disagree on water clas-
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si cation, the one with the higher con dence level dictates the nal result.
In a post-processing step, an exclusion layer, based on a bu ered verc'u::
of the maximum extent of the Landsat-based Global Surface Water (W)
product (Pekel et al., 2016) and the Copernicus DEM Water Bray vask
(Franks and Rengarajan), 2023), is applied to address potentic: mic>ussi: ca-
tion caused by radar shadows or rough surfaces. Fig. [4] shows ¢ example
of the GFM reference water maps for Bangladesh with strong Yyaiological
variability throughout the year.

< Fig. 4>

2.3.2. Exclusion mask

Even though it may not be apparent from \isual inspection, a SAR im-
age typically contains many pixels where o00d .2apping is impossible due
to land cover and topography (Boni et al/, [2(°16: ~hao et al., 2021a). For
example, over dense vegetation and urban . eas' C-band backscatter is nor-
mally quite stable, making the SAR/ me surements insensitive to surface
inundation. Moreover, water-lookalike “reac (e.g., at and impervious sur-
faces, sandy surfaces) and radar ¢.sw *ion areas (e.g., layover and shadow)
pose challenges. For identifying . ectt d pixels, a variety of methods and
ancillary datasets have been develop.d. Urban areas and dense vegetation
can be masked using existin, 'and use maps and lidar-derived digital surface
models (Mason et al., 2012, %ri. .idi et al., [2020). Sandy areas, which often
mimic water surfaces in SAR magery, can be excluded using a sand exclu-
sion layer derived from SA.™*.me series (Martinis et al., 2018). Additionally,
geometric and radinmetri. distortions in SAR images caused by topography
can be Itered using «>2 HAND index (Huang et al., 2017) and DEM-based
shadow and ic>over masks (Mason et al., 2018). For the systematic mapping
of all these »_ecv at large scales, Zhao et al.| (2021a) introduced a decision-
tree-based app. 2ach for generating exclusion maps solely from SAR data.
Similarh/, v. »~ GFM service derived a global exclusion mask based on a sta-
tistice . ar.!vsis of the Sentinel-1 datacube, re ned using various ancillary
data sc*s. This exclusion mask is an overlay of several thematic sub-masks,
er.ch J~siyned to address speci ¢ e ects:

+ no-sensitivity areas: Pixels, where SAR backscatter is largely insensi-
Live to ooding, are identi ed using the Sentinel-1 Global Backscatter
Model developed by Bauer-Marschallinger et al. (2021)), a Global Forest
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Change dataset for vegetation (Hansen et al., 2013), as well as static
masks for urban regions (Marconcini et al., 2020).

2. Non-water low-backscatter areas: Tarmac, sand, and other smoou, =th
faces often display consistently low backscatter values, simile’ tc chose
of open water surfaces. Since it is not feasible to di erencdiate *“ese .ur-
face types from water surfaces based solely on their bacsc. tter char-
acteristics, all pixels showing low backscatter (below -15 1B) in more
than 70% of the time series and not belonging to the <72t 'nce water
layer are masked.

3. Topographic distortions: Topography can distaru he geometric and
radiometric properties of SAR images. Taking . ene t of the fact that

oods are unlikely on high elevations above the nec est drainage, areas
with HAND values greater than 15m are« «cluded (Chow et al., |2016).

4. Sentinel-1 radar shadows: Shadows ce=c>d L terrain (e.g., rough ter-
rain or forest edges) and non-terrain ‘ac.or: are masked by comparing
temporal mean backscatter values-Yev. 221 ascending and descending
Sentinel-1 tracks.

5. Insu cient coverage: Areas *ith . ~.0r insu cient historic Sentinel-1
coverage are excluded, as in thesc areas no parametrisation of the al-
gorithms is possible.

The obtained binary Gi-i." exclusion mask integrates all pixel locations
where the SAR data canruu 2 liver the necessary information for robust ood
delineation.

2.3.3. Advisory ap:
While the GFM exc't1sion masks deal with static e ects at high resolution,
there are mar. highly dynamic phenomena that can impair the detection of
ooded area~.in 5.0 F images over larger areas. In particular, the intermittent
or semi-pA.mari.t occurrence of phenomena such as wet snow, frost and dry
soil or vina- :aughened water can result in limited ood mapping capabilities
(Pulvirenu =t al.|, [2014; |Wieland and Martinis, [2019). To address this issue,
the Gr 1 service provides an advisory ag output layer, whose function is to
raise e user’s attention in carefully handling ood mapping results within
«0ed regions. In contrast to the exclusion layer, pixels highlighted by
Ae advisory ags are not removed from the ood maps. For each incoming
Se itinel-1 scene processed by the ood mapping algorithm, two distinct ags
are produced in NRT:
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1. Low-regional backscatter ag: Dry soil conditions, snow and frost car.
lead to a drop in backscatter, leading to wrongful ood mapping res e
over large areas a ected by the speci c weather conditions. In the TE11
service those areas are outlined by comparing the monthly b7.cks .atter
signature with the incoming Sentinel-1 scene at a 20 ki1 sce’e Pi «els
with detected low-backscatter values are then enclosed.inc> a 14 km
bu er zone, constituting the nal advisory- agged region.

2. Rough water surface ag: Water bodies can be a ectcc™ wind dis-
turbances on the surface, altering signi cantly the ty.ical backscatter
behaviour observed by SAR. Thus, given the calm  “«ter .ignature from
the backscatter time-series data as a reference, it becomes possible to
delineate water pixels (as indicated by the referer, 2 water layer) that
exhibit a signi cant increase in backscattet A 5 km bu er zone around
the wind-altered water pixels is agged.for (atential wind impact.

Areas overlapped by both ags are highligi ted s¢ parately.

2.3.4. Flood impact indicators

When complete and accurate .~2a »2s are available it is possible to
carry out rapid ood impact assessme: ts by superimposing di erent expo-
sure layers to the nal ood map (C.>n-Ct al., 2024). While Sentinel-1 cannot
map ooding in dense urba. settings a. A other exclusion zones, as discussed
in Section [2.3.2] the GFM ser . ce still computes two rapid ood impact in-
dicators to address the rritic.* need for such information during emergency
situations, namely indice esti’aating the a ected population and land cover
respectively. The sojurce of information for estimating the a ected population
is the Global Hume. Settiement Layer (GHSL), speci cally the GHS-POP
dataset (Schiavina et a.., [2023). This dataset provides a raster representa-
tion of populean distribution and density, indicating the number of people
living with’.i cach yiid cell. It is available at various spatial resolutions and
for di. ere:t time periods. For the GFM service, the dataset at 100 m res-
olution cnd v.’th the Epoch 2020 of version R2022A is used. This dataset
was :~samps - d from 100 m to the 20 m grid used for the Sentinel-1 datacube
(S~=+ion 4.1l This involved dividing the input pixels by the number of 20
2 pixe 5 that tinto one 100 m pixel. As illustrated by Fig. [5, the a ected
nui 2. of people is then estimated by superimposing the GFM ood layer
with 12 resampled human population layer.

< Fig. f] >
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For obtaining a quick estimate of the a ected landcover the GFM ooG
maps are superimposed upon the Global Land Cover dataset provided by ‘i
Copernicus Land Monitoring Service. The Copernicus Global Land Javer
dataset includes 23 classes, is available globally at a 100 m resolxcc « ana
is updated annually. This dataset was also resampled from 130 m *< ths 20
m grid. This information allows for an initial assessment of.-a »cteu land
cover or land use types, such as determining the extent of agric Itural areas
impacted by the ood within the observed ood extent area.

2.4. Implementation

The scienti ¢ methods outlined in the previous sc tion were implemented
within a dedicated cloud platform environment to enau.» its global and au-
tomatic processing in near real-time, utilising 2 datacube-centric processing
architecture (Wagner et al., 2020). This allos 10 - straightforward compar-
isons of each incoming backscatter image w th..ne entire backscatter history,
making it possible to run any type of time-_ ries analysis on a per-pixel ba-
sis. In terms of storage and compute.ioral_requirements, such a datacube
solution is far more demanding than si. ile- nage SAR processing pipelines,
such as the one used by Twele e. al.| ©2016) to demonstrate the potential
of Sentinel-1 IW images for fully-c 'tonratic ood mapping. However, as al-
ready pointed out by |Cossu et al.| 1n..2009, fast access to both recent and
historical data requires mor¢ ~dvanced cloud platform solutions. Since then,
advancements in cloud ceinp ting technologies (Gomes et al., |2020) and dat-
acube solutions (Chater.hux e1 al., 2021) have greatly enhanced capabilities
for storing, processiry, 2nai,ing, and disseminating large datasets like those
generated by Sent:-el-1. The following subsections describe the solutions
adopted by the GFM _~rvice.

2.4.1. Sentinel-1 harkscatter datacube

The GI-M Corvice builds upon the Sentinel-1 backscatter datacube as
descrined L, \Wagner et al.| (2021), which represents a complete collection
of Sercine..1 1W data for all continents (except Antarctic) sampled to a
20 m  -ed-Earth grid. The datacube runs on the cloud infrastructure of the
Earti Dbservation Data Center (EODC) (https://portal.services.eodc.eu/),
e. 2bliny both near real-time image-based applications and o ine analyses
¢ mc'ti-year time series. Like other SAR datacube solutions such as re-
ali ed by the Google Earth Engine (Mullissa et al., [2021), it solves the prob-
iem of providing fast and e cient access to Sentinel-1 backscatter time se-
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ries by projecting all Sentinel-1 IW images, which come as variable swath-
based images, onto a xed-Earth grid before tiling. This preprocessing s.=p,
though resource-intensive, is essential because performing on-demand ~onae -
Doppler terrain correction is time-consuming, especially when cove inc iarge
regions and/or extended time periods (Navacchi et al., [202Z). + ‘'ey ea-
ture of this datacube solution is the use of the Equi7Grid thet ¢ noiuys the
equidistant azimuthal projection and divides the Earth surfac> inw seven
continental zones (Bauer-Marschallinger et al., 2014). Urn..2.« ther com-
monly used large-area grids, the Equi7Grid minimises skap¢ distortions even
near the zone boundaries. In comparison to the Unizei >u1 Transverse Mer-
cator (UTM) based grid as used for Landsat and Sc tinel-¢, the Equi7Grid
0 ers the advantages of a smaller number of zones (. instead of 62) and
reduced data redundancy (3% instead of 34%\ (Bauer-Marschallinger and
Falkner, [2023). Thanks to these speci cations. .= yearly data volume per
satellite is less than 50 TB, whereas the nim‘er. ot pixels is approximately
379 billion. The backscatter data are stor. 1 ac sigma nought ( ) values
and not as radiometrically-terrain-corr :cte 4 naamma nought ( ) values as
proposed by Small (2011). While the la “er v as recognised by the Committee
on Earth Observation Satellites (C =G as the Analysis Ready Data (ARD)
format for normalised radar backs. ~tter data, it primarily improves the clas-
si cation of SAR data over undulatn.> terrain (Dostalova et al., [2022). Its
bene ts are less obvious in ve.i'ay bottoms and at areas, which are most rel-
evant for ood mapping. 1. 2reic.e, for the GFM service, we will await the
0 cial switch to gy, v hich 1 expected to happen in the 2026+ timeframe.

2.4.2. Near real-tim2 woi = ow
The NRT data prc 'uction work ow operates on a fully independent pro-
cessing envirc ™ nent within EODC’s cloud infrastructure. This setup includes
570 virtual CPUL_. “vZPUs) and 3 TB of memory, distributed across multiple
worker unics tu 2nsure a service availability of 99%. As illustrated by Fig.
2, the MRy work ow starts from fetching the latest Sentinel-1 IW images.
Only (5round range Detected at High resolution (GRDH) images in VV po-
larisav. >n are used, while VH polarisation is neglected. The incoming scenes
a'e u.an preprocessed and registered in the datacube. The output of the
. 20ror 2ssing routine is encoded and gridded SAR data ready for both spa-
:al «.2d temporal analysis. The Equi7Grid with a 20 m pixel spacing and a
30" km gridding (T3 level) serves as e cient working grid representation for
ail steps in the data processing work ow. Consequently, all input datasets,
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including auxiliary datasets from external sources, must be re-projected tc
the Equi7Grid beforehand. After the successful preprocessing, the NRT ood
data production work ow is triggered. First, the tiled backscatter as v.o'! e2
auxiliary data sets are mosaicked and cut to cover the whole exts it .f the
input Sentinel-1 scene. As a next step, the processing of the idivii'val yod
mapping algorithms is initiated. For the dual-image classi e” ¢ scrived in
Section [2.2.2] the previous image acquired from the same orbiu is eatracted
as additional input. Once the individual algorithms have <22t executed,
their results are registered in dedicated databases anc’ th- ensemble algo-
rithm is triggered. In the ensemble, described in [2.7.4] <ne bserved ood
extent, likelihood values, observed water extent anc. “he exclusion mask are
produced and afterwards registered. As a last step, the ¢ >semble outputs are
re-projected to the WebMercator projection wh.ch is used in the dissemina-
tion system described in Section 2.4.4]

2.4.3. Archive processing

In addition to the NRT delivery r1 t*.¢ GFM ood products, we have
created a complete GFM data archive *sinc all available Sentinel-1 IW ac-
quisitions from 2015 onwards, tote.iing approximately 2 million scenes. This
0 ine processing was conducted 1. the h gh-performance-computing environ-
ment at the Vienna Scienti _c Cluster ("ttps://vsc.ac.at/). The GFM archive
is continuously expanding, v..*h e orts focused on ensuring compatibility be-
tween the software versiors ccea “_r both NRT and archive processing chains.
The rstversion of the C =M dc ta archive, based on GFM NRT version v2.1.0,
was released end of 7223. T'.e current version of the archive was processed
with GFM NRT verion v2.1.0 in early 2024, and is planned for release early
2025. Access to the G.™M data is described in the next subsection. The GFM
archive proce. «ng precedes a comparable e ort by |[Misra et al. (2024) who
create a 10 rearc 'ong Sentinel-1 ood data record using a Neural Network
model traied v ith manually labelled SAR images from selected large-scale

ood evant.

2.4.4. Dpen data access

Ao higalighted by [Mosta z et al.| (2022), ood information should be eas-
1._n.acce ,sible and continuously evaluated to maximise its usefulness for both
e iblic and professionals. Accordingly, GFM data are freely available
an | accessible to all stakeholders upon registration. To meet the needs of
iverse users, several dissemination systems have been established (Table [2).
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One way to visualise the GFM o0od maps is to use the map viewers of the
European Flood Awareness System (Matthews et al., [2025a) and the Glcha:
Flood Awareness System (Matthews et al., 2025b). These map viewe.2.2i -
able users to visualise all GFM product layers and manually dowr oar data
for speci c areas of interest (AOI). For more exible downlcadiri*<inc ud-
ing single les or time series for one or multiple GFM outpu* 1. ‘ers, a set
of application programming interfaces (APIs) following the Rep. eseri.ational
State Transfer (REST) standard has been implemented. This o2 dard facil-
itates access to web resources using a prede ned set of ‘upe ations, allowing
for seamless integration with virtually any programmir,_.anc Jage (ladanza
et al., [2021). For the analysis of the GFM data in“" eographic Information
System (GIS) environments, a web mapping service bas.d on the GeoServer
technology was established. Finally, a dedicat:d webportal was set up to
enable users to de ne AOIs, display and downicad the available products
for the AOI, and con gure the noti cation; fc. any new available data. All
mentioned systems provide the latest availc 'le “.nagery for each Sentinel-1
overpass. Moreover, users can also req! est: che full time-series (or a subset) of
all the archived data products. Consic - inc the constantly growing volume
of the generated GFM output dat 4, cc2cluding the whole archive as well as
NRT data, easy discoverability arn.' access in a programmatic way is vital to
include GFM data into processing wo. '« ows and applications (Groth et al.,
2024). That is why, additiv. 2lly to the aforementioned data access meth-
ods, we have published t'.c TFIv. data as an open access collection utilising
Spatio-temporal Asset (‘atalo s (STAC). This enables users to search the
whole GFM output ..*a ic. regions and time ranges of interest. Filtering
based on output-sici ¢ i:etadata such as the amount of ooded pixels is
also possible. The Gr 1 output data itself is stored in the cloud-optimised
GeoTi (COu -« format in order to improve data reading e ciency and be
ready for sca'eab.» rrocessing work ows.

< Table 2 >

3. Reylts

< 1. Gl M data product

1.~ fully automatic algorithms and work ows described in the previous
sercion yield ten data layers (Table [3) that are included in the GFM data
product. The main output layers are the observed ood extent and the
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ood likelihood layer. Context is provided by the reference water maps, the
exclusion mask, the advisory ags, and the ood impact indicators. ¢
observed water extent is the combination of the observed ood exter.ian
the reference water extent. These data elds are complemented vy neta-
data inherited from the Sentinel-1 IW swath products, including " ©= ir age
boundaries (footprint), and the next scheduled Sentinel-1 accuic tion. The
latter is important for emergency managers who are awaiting up Jate. on the

ood situation.

An exemplary GFM data product is shown in Fig This scene de-
picts ooded areas along the river Rhine in the previi =: of North Rhine-
Westphalia, Germany, during the disastrous oodirny that nit Germany and
the Benelux countries in July 2021 (Tradowsky et al., 2023). As can be
learned from the backscatter image shown as hackground of the ood map
in Fig. [bk, the region is characterised by a mix o ~qgricultural elds, forests,
urban areas (including the city of Wesel in the socuthwestern part of the im-
age), and several permanent water bodies. ‘ary forest areas, such as the
"Uedemer High Forest™ in the western/par. of the image, are located in more
elevated terrain. The di erent landsce. 2 fetures are well captured by the
exclusion mask layers as discusses In 3ection 2.3.2l Most of the exclusion
areas are a result of the presence . € for¢ sts and urban areas (no backscatter
sensitivity) and elevated terrain (hiy.> HAND index values). In this area
there are few non-water low 2ackscatter areas, mostly situated near water
bodies contained in the.c..vencc water map. Potentially these represent
new water bodies or errcvs in he reference water map. Radar shadow areas
are very small and r.c=tly ‘Ccated along forest edges, as is typical outside
mountainous regici. Sor. 2 erroneous radar shadow areas can be observed
along the river course, likely caused by river currents or ships, which can
impact ascent '1g and descending SAR acquisitions di erently.

< Fig. [g >

As cai. he seen by comparing Figs. [6g to[6c, the ood maps generated by
the ti..2e inaividual algorithms agree very well. While a systematic evalua-
tion ¢ thedi erences between the three algorithms is outside the scope of this
L ner, ve found a satisfying agreement for most of the analysed large-scale

oou ~vents. However, local di erences near the borders of the ooded areas
me y anse, for instance, from the way in which each algorithm incorporates
.cgion-growing and Itering processes. Nevertheless, for our example, the
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ensemble ood map shown in Fig. [6k closely resembles the individual maps.
Of particular interest is the comparison with the ood likelihood layer Mis
played in Fig. [6d. As expected, high ood likelihood values correspu.:e 2
areas identi ed as ooded in the ensemble ood map. Additionall}, 1t s en-
couraging to note that in this particular case medium likelikod " ="ues are
found only near the ooded areas and permanent water bodies: w.:ile rurther
away ood likelihood values are consistently small. This sugg. sts wat the

ood likelihood layers can provide a more complete picture . *t» ood sit-
uation, by allowing to identify even pixels that are onl\v pa' cially ooded or
more challenging to interpret. This impression is furthe. .crer gthened when
checking other ood cases where the ood likelihooc ‘alues often depict the
river course, whereas the ood map remains patchy.

3.2. Timeliness

As the timely dissemination of o0od m¢ps.'s crucial for disaster response
e orts, a core requirement of the GFM servic is r.elivering GFM output data
within 8 h after each Sentinel-1 SAR /«cor.isition. In line with the technical
speci cations issued by the European < mpr.ission in 2020, procedures have
been put in place to ensure and evua.> service quality. A set of Key Perfor-
mance Indicators (KPIs) is used . ¢ guarterly monitoring of GFM product
performance (Seewald et al.. 2024). 1. > rst KPI measures the percentage of
time the service was availab.c 0 users, with a target value of  99%. A mon-
itoring system keeps trac’x o7 the availabilities of all user-facing components
of the GFM service. Foi the y ar 2023, a value of 99.80% was reached. The
second KPI tracks th.c nercoiitage of products delivered within the required
8 h timeframe fron. actua: observation of a Sentinel-1 scene to availability of
the data on the user i.ant ends. A typical timeline is illustrated in Fig. [7}
The availabili * of new Sentinel-1 IW GRDH images is monitored by query-
ing the Cop~rnicc s Data Space Ecosystem every 10 min. Downloading and
pre-procesting «>e data on the EODC cloud infrastructure takes less than
10 min<ana 25 min respectively. The time required for the three scienti ¢
algoricnms and the ensemble product varies more strongly, from 15 to 60
min wi Y an average of approximately 45 min depending on the complexity
0 the SAR scene. Post-processing and placing the data on the user front
er.s t7«es less than 10 min. On days when the Sentinel-1 ground segment
» pera =s nominally, the total time from sensing to dissemination is under 5 h,
wkl 2reas the time from data upload on the Copernicus Data Space Ecosystem
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to delivery to the users is less than 2 h. On best-case scenarios, the systemn.
achieved a timeliness from sensing to dissemination even below 90 min.

< Fig. [7] >

3.3. Coverage of ood events

A high spatio-temporal data coverage is essential for e ecti.2 ¢>d mon-
itoring. To identify gaps in Sentinel-1 satellite observatic..>.ari! detection
capabilities, we evaluated the data coverage by assessine u.> perrormance of
the GFM service in detecting 104 global ood events ove t'.e p st three years
(i.e. 2022-2024). Note that during this period only. senti..ci-1A was opera-
tional. The results of this analysis are summarised in k.. [8land Table[4} the
complete list of ood events is provided in the Apendix in Table[7] The 104
events, encompassing small, medium, and large ~cale oods from all conti-
nental regions (except Antarctica), were idrati ed using the Global Disaster
Alert and Coordination System (GDACS), . ~oop :ration framework between
the United Nations, the European Com s ion, and disaster management or-
ganizations worldwide (https://gdacs.c7¢,)). '5DACS provides details such as
a ected regions, event duration, fa’u.7ies, und displacement gures, support-
ing disaster response and coordii.” tion « uring major emergencies.

< Fig. 0>
< Table 4 >

As can be seen frei Tacicf4, the GFM service detected 70.2% of the ood
events (73 out of 1€, for -9 events (9.6%) no Sentinel-1 were acquired, while
21 events (20.2% ) wer - not detected, most likely due to unfavourable timing
of the Sentine. « acquisition, with possible failures of more than one algorithm
another posaible “actor. Fig. [§ illustrates how detection performance of
Sentinel-14\ var.»d signi cantly across continents: Europe, bene tting from
the overall st coverage, demonstrated the highest success rate, detecting
95% . evets (19 out of 20). Asia and South America followed with a 70%
detecticn rate, although several events were missed in both regions. Africa
sliowe.' a detection rate of 65%, with 7 out of 20 events undetected, while
N.rth ~america detected 60% of events (9 out of 15), missing 3. Oceania,
Jith the smallest sample size of 9 events, exhibited the lowest performance,
de ecting 4 events, missing 3, and encountering 2 instances of unavailable
sentinel-1 observations.
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A notable nding is that all undetected events and cases of unavailable
Sentinel-1 observations corresponded to small- or medium-scale oods. ‘i
highlights a critical limitation of the GFM service: its reduced capabn.s2 w2
detect smaller ood events, particularly in regions with low tempo al - avisit
frequencies of Sentinel-1 satellites. The most crucial factor iiv uei 2'ng '.ow
well GFM captures ood extents is the spatial coverage pa*te.n anu the
actual overpass time of the satellite(s) (Wagner et al., [2024). Whcn local
overpasses coincide with ood peaks, the GFM product aligiic 2= t with the
perception of a ected populations and authorities, o e in¢ the most useful
information. Additionally, a dense revisit frequency ~nc*.es ronitoring the
progression of oods from onset to peak and event. 2l retreat. This shows
that, at present, the GFM service is most valuable for larg>-scale ood events,
such as the 2022 Pakistan oods (Roth et al., ”123). For small- to medium-
scale events, however, additional satellite observ.tions or improved revisit
strategies are needed to enhance detection/ capabilities.

3.4. Accuracy

In addition to timeliness and covera_ -. tke thematic accuracy is the third
key criterion for evaluating the e ‘:ctiv ness of the GFM service. Given that
the GFM service cannot exploit n. e ir.ormation than what is contained in
the Sentinel-1 VVV-polarised I\W image >/ itself, the main question is how well
do the algorithms extract tiww . 0oded areas visible in the Sentinel-1 images?
Note that this is a di ere .y esuun from asking how well do Sentinel-1 ood
maps capture the total "nod e tent? In the latter case, also the basic sensor
limitations play a b’y =le. “Nevertheless, since these questions are closely
related, also e orte targe.2d to deepen our understanding of the physical
characteristics of C-ba>d VV backscatter measurements and the e cacy of
the various cu textual layers were undertaken. At the individual algorithm
level, the alz=ritri.~development teams have conducted a series of case stud-
ies to_exarine .paci ¢ aspects of their algorithms and advanced techniques
for exp!aitin, - the Sentinel-1 data (Zhao et al., [2022; Tupas et al., 2023bla;
Roth 't ai., ?023; |Martinis et al., 2024; [Tupas et al., 2024; |Garg et al., 2024;
Roth ¢ al., [2025). At the GFM product level, the ensemble ood maps
h'ave i 2en evaluated for selected ood cases (3 every quarter of a year) and
sy tem .tically on a global level, as discussed in the following.

I, the dedicated GFM evaluation activities, the accuracy was deter-
mied by comparing the automatically-derived GFM binary ood maps with
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human-interpreted Sentinel-1 images and computing various accuracy met-
rics based upon the error matrix, such as the Critical Success Index (C5Si)
and Overall Accuracy (OA). The OA is a global measure that treats =201
and non- ood cases as equally important. As the non- ood class fon: nates
outside of ood-a ected areas, the OA can be biased towardc nor. <vod ac-
curacies. The CSI, on the other hand, is better suited for eva'uaing cvents
that occur substantially less frequently than the alternative (\ /ilks, 2011).
In our context, the CSI is the number of correct ood pixers &4 ed by the
total number of ood pixels in either the GFM ood na'. or the human-
interpreted reference map. Like the OA, it scales betwe = 0 (¥ vorst possible)
and 100% (best possible value). The accuracy targe. for the GFM service is
a CSI value of greater than 70%.

As results for the current GFM version v3...0 are not yet available, we
report here results from version v2.1.0 that was u.~d for generating the rst
version of the GFM data archive (Section [-.4.%)).-When computing OA and
CSI values for 12 selected ood events. wi. *h 7~ ccurred between 2017 and
2023, |Seewald et al.| (2024) found coisis.ently high OA values (>96.6%),
while CSI values varied strongly, from ' .0% to 81.1%. The accuracy target
was reached for 7 of the 12 event. k- the systematic evaluation at global
scale, a method similar to the one v »ad fr the evaluation of the GSW product
of Pekel et al. (2016) was emnloyed. . ~llowing the guidelines given by (Card
(1982) and Olofsson et al.| (2o 4), a strati ed random sampling approach was
implemented to evaluate '.uv. accarately a particular pixel is mapped into the
categories of permanent wvater seasonal water, ood, or other areas. For es-
tablishing the referer.. daw. Lase consisting of tens of thousands of individual
points, a tool was -plemcnted that allowed trained interpreters to perform
a blind validation (i.e., without prior knowledge of the mapped class) of the
sample points ased on the production imagery (i.e., Sentinel-1), with visual
support from. Sei.tirel-2, and various very high resolution images provided
via Goog'< anu Ring Areal maps. For Sentinel-1 and Sentinel-2, pre- and
post-evant e series were provided to facilitate the identi cation of ood
events. Each sample point was interpreted multiple times to assess interpre-
tation oncertainty. The results of the global assessment are summarised in
Table T'his table shows globally-aggregated and area-weighted OA and
CJ! values for the three water classes: permanent water, seasonal water, and

ooac areas. Whereas the OA values suggest a high accuracy for the per-
m: nent water body class, seasonal water and ooded areas reach OA values
ur 74.4% and 72.0%, respectively. The CSI values are lower, ranging between
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43.7% for the ood class to 64.1% for the permanent water body class. Tc
get a better understanding of the ood detection capability under variyuc
environmental conditions, the 55,000 sample points were assigned to y'2hc!
environmental zones as proposed by Metzger et al. (2013). These .or:.s are
mainly di erentiated according to their temperature (growiry de < e-d: ys)
and aridity (from arid, xeric, dry, mesic, moist, to wet). Az ¢.1 be Seen
in Table [6, the best validation results are obtained for regions in uie tem-
perate and tropical zones, while lower accuracies are typicCa..;~ 9served in
arid environments. This is in line with expectations given e di culties in
distinguishing sand from water in SAR images. Overa'  the.e results sug-
gest that the accuracy target had not yet been reac. »d for the investigated
archive version. Further work is required to determine ¢ how much the CSI
values can be increased through improvements..n the algorithms, or, as will
be discussed in Section [4.5] whether the lower C_* values could partially be
attributed to intrinsic constraints in the ¢cat’stical analysis and uncertain
reference data.

< Tab. Q>

< Table 6l >

4. Discussion

4.1. A paradigm shift ir SAK hased ood monitoring

While there are 2':2aq, fuily-automatic global ood monitoring services
based upon optica’ sateh.™2 data (LI et al., [2018a), the GFM service is the
rst of its kind in the JAR domain, bene tting from the radars’ capability to
observe day a1 night under all weather conditions. Some of the experiences
made durino.its «st three years of operation aligned with our anticipations
while othe's we. 2 unexpected. Probably the most notable aspect is the shift
in perspecu. e, away from the scienti ¢ focus on mapping ood scenes as
accuri cely as possible to designing the algorithms such that they perform
equah, well for ood and non- ood scenes. In fact, given that only a small
fracun 0. SAR images depict ooding, the detection of false positives was
L 2 big jest concern during the initial phase of the GFM service. The main
-2asu s for overdetection are discussed in the following subsection (Section
[4.2)). Since it is impossible to create an error-free scienti c algorithm that en-
arely eliminates overdetections, this issue cannot be resolved purely through
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scienti ¢ and technical methods but requires careful consideration of the way
of the results are communicated to the users of the data. Another challe ayc
is that Sentinel-1, like any other instrument, cannot detect all oodeu ovec:
due to various technical and scienti ¢ constraints. The main causes f un-
derdetection in ood situations as encountered during the <st tiv.e yrars
of GFM operation are explored in Section [4.3] From a user persp2ctive, one
of the key limitations of the GFM service is its inability to 1 ap ooding
in urban areas. In this context, the GFM exclusion mask .2t 'cial, as it
informs the users where they cannot expect to obtain i‘itor nation from the
Sentinel-1 measurements. Equally important for the 1'se < are the suitability
of the reference water maps (Section [4.4), and the rwuestion of how to in-
terpret validation results (Section [4.5). Another pressii.3 issue encountered
during the rst three years of operation has k<z2n the insu cient temporal
coverage, especially during the period when only (ne Sentinel-1 satellite was
operational. Solutions to this challenge are discussed in Section [4.6]

4.2. Overdetection in non- ood situatiuns

Overdetection in non- ood situatio. - oc.urs when dynamic land surface
processes other than ooding cau.e bc-kscatter to drop to low values typi-
cal for water surfaces. Figure [9) si.2ws *aree common cases of overdetection
encountered during the rst.three ycors of operation. Probably the most
problematic case from a servi.2 point of view is overdetection in agricultural
and grassland areas, as il'asc.ateu in the example of Fig. [9p. This has several
causes, including signal attent ation during the early stages of crop growth
(Arias et al., 2022; [P... eu w.., [2024) and rapid changes in surface roughness
and crop cover duc to far ning activities (Zhu et al., 2019). These e ects
are exacerbated when *e soils are dry, as this reduces backscatter from fer-
tile soils. As . result, depending on crop type and weather conditions, false
positive rata= cai. b2 quite high in some agricultural regions. Particularly
the time-s¢ries «'aorithm as described by Bauer-Marschallinger et al.| (2022)
is impasteq, tiven that the harmonic backscatter model  which is used to
predicc no. . ood backscatter  cannot account for crop rotation practices.
Thereicre, [Tupas et al.| (2024) suggested replacing the harmonic backscat-
tcr model with an exponential Itering approach that better accounts for
ci.onair.g land surface backscatter.

< Fig. @ >
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The second, and most signi cant case in terms of the area a ected, is the
overestimation of ood areas in arid environments. While this issue is n.oic
pronounced in certain desert regions, such as northwestern Iraq, ano...2lic:
appear and disappear in many arid regions without clear spatio cer: poral
patterns. Due to the lack of systematic studies, the exact cause f th ese
anomalies remain speculative. One likely reason is that man/ «:d icgions
have low backscatter values, close to the threshold used to crete wie non-
water low-backscatter exclusion layer. As a result, even nu..2v thanges in
land surface conditions or speckle can cause pixels to Fe r.istakenly classi-

ed as ooded. Potential natural causes for changes.ir. ¥ ack: catter include
the movement of sand (Abdelkareem et al., |2020), "vhich seems to be the
primary factor contributing to the false positives show:..in Fig. [Ob, erosion
and deposition processes triggered by rainfall, 2t d variations in soil moisture
levels. The e ect of soil moisture on backscatter con vary; it may increase or
decrease depending on the presence of sub urfice scatterers (Wagner et al.,
2022).

The third case of overdetection oc.urs when the land surface freezes or
gets covered by snow and ice, which ca: :ause a signi cant drop in backscat-
ter (Nagler and Rott, 2000; |Park « ¢ ar., 2011; Pulvirenti et al., 2014). When
this happens over larger areas, . .is c.ten well captured by GFM'’s low-
regional-backscatter advisorv. ag. r.>wever, when temperatures uctuate
around 0 C, there may be Ccsiderable spatial variability in the Sentinel-1
images, with small patchss <* lov. vackscatter caused by either frost, ice, wet
snow, or ooding. In t:is ca:2 it is impossible to decide where the GFM

ood map is correct.o.:whc.c not. An example is a ood that a ected large
areas in northweste*n Euispe in early January 2024 (see Fig. [9c). As tem-
peratures started to «:op below 0 C in the Netherlands, ooded meadows
and agricultu. ‘| elds began to freeze, likely leading to scattered patches of
overestimatinn.,

For all the (~ses discussed above, further research is needed to gain a
deeper «'nacstanding of the physical mechanisms behind false alarms and
to de' elop, methods for correcting - or at least improving the agging of
these v ects. As mentioned earlier, the low-regional-backscatter advisory

1g g.nerally performs well in identifying potential issues caused by snow
0. fros’. However, agging changes in already dry areas, such as deserts,
~ema, s a challenge. Additionally, advisory ags are typically not raised
for overdetection in agricultural areas, as the impact of this phenomenon is
usually con ned to smaller areas than in the case of frost or drought.
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4.3. Underdetection in ood situations

Ironically, the concern over overdetection errors in non- ood situati i
initially led to underdetection errors in ood situations. In an attei.pt 2
reduce "noise™ (e.g. speckle, isolated pixels) in the GFM ood map-, re ning
post-processing and merging strategies were implemented thale ec*vely act
as low-pass Iters. While this helped mitigating the impact ~f _>eckie and
small-scale land cover e ects, they inadvertently hampered the rapauility to
detect small-scale and spatially scattered ood areas (Roth ev - 925). This
problem will be partly solved by an update of the post-p.oct ssing algorithms
planned for 2025. Nonetheless, more research will-bu “ieecad to balance
overestimation errors in non- ood cases and undere.™'mation of actual ood
areas. This challenge is not unique to the GFM service v 't is a broader issue
within the eld of SAR-based o0od mapping. To date, many studies are
limited to selected datasets coinciding with _oou ~vents, while disregarding
the much more common non- ood situatic 1s. «n.contrast, the GFM service

to ful I its monitoring mission  processe ner day hundreds of individual
data takes to ood products. Naturall', nmust of these products do not cover
any ood and may be exposed to overc:-1mz cion.

Another important aspect the ¢ nc ds to be balanced is the size of the
exclusion areas and the magnituc. . of ¥ nderdetection errors, which are, by
de nition, only assessed in the non-ex.'uded areas. Expanding the exclusion
areas to include more challer.ing zones could help minimise underdetection
errors, thereby improvinyg v.'idawon results. However, this would come at
the cost of reducing the spati il coverage of the GFM service. Conversely,
reducing the size of .= e.ciusion mask would increase coverage but may
lead to larger classi® ~atior: zrrors. Although the current GFM exclusion mask
may seem extensive a... rst glance, it’s important to consider that, due to
topography, o v a relatively small portion of land is prone to ooding, mostly
following ve''ays (2! plains. Additionally, in some parts of the world, large
portions nt the .2nd are covered by forests, sand, or other land cover types
that hirder 20d mapping. Considering this, the GFM exclusion mask looks
plausile, ctriking a reasonable balance between maximising coverage and
minim..‘ng underdetection errors. Nonetheless, it is evident that expanding
tie cu erage would be bene cial, potentially through the use of additional
a.*a, iriproved algorithms, or a combination of both.

F >m a technical perspective, the data set that would be the easiest to add
to the GFM work ow is the VH polarisation also acquired by the Sentinel-1
1WW mode. As noted before, this second image channel is currently discarded
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due to cost reasons. As already discussed by [Boni et al. (2016) and Roth et al.
(2025)), this can lead to an underestimation in the presence of certain type: uf
vegetation and wind. For the vegetation case, Fig. [10 illustrates the cuina. -
ison between VV and VH images for a ood along the river Shire /i v alawi
in January 2022. The VH image detects more ooded areac tha>he vV
image, particularly along the tributary rivers Lukhubula and Mv.2mpnanzi,
which ow into the Shire from the western hills. January falls i » the middle
of the rainy season in Malawi, so grasses and agriculturar c.2r.> were tall
when the ood occurred. The better detection of oodeu ar.as by VH, com-
pared to VV, is likely due to the double-bounce e ect c.>uted by oodwater
beneath the grasses or crops, which can increase i ckscatter and obscure

ood detection. The VV polarisation is particularly se: citive to this e ect,
while VH remains less a ected. Therefore, incort orating VH polarisation can
provide a more complete ood map for tall orass nd crop canopies. This is
also true for windy conditions, where VV "jac'.scatter from wind-roughened
water surfaces is often more strongly enhar. =d *nan VH backscatter (Roth
et al., 2025). However, over low-vegete ed ,urfaces and water bodies, VH im-
ages are characterised by lower backsc. ter chat is associated with reduced
contrast and elevated noise. As th's le. s to higher classi cation errors, care
must be taken that algorithms, wi. h us 2 both polarisations, are designed to
extract the additional ood areas fro, > VH data while avoiding higher false
positive rates.

< Fig. [I0 >

A second promis’..; S~ -pased dataset for ood mapping is the inter-
ferometric coheren:, which is calculated by comparing the amplitude and
phase information of <0 or more single look complex (SLC) SAR images.
High coheren. : indicates stable scatterers, while low coherence signi es a
loss of corre!~tior, irramplitude and/or phase. Since ooding causes a loss of
correlation cohcrence can potentially enhance ood detection in areas where
it is gererai.2 high (Chini et al., [2019). Because this is the case for urban
areas ‘ind id environments, the interferometric coherence holds particular
promis. for these two cases. The urban case was addressed by a recent re-
V.ew ./ £hao et al.| (2025) who concluded that the coherence  and even
t.>.int rferometric phase  are critical for improving ood detection in ur-
~an «<as. Similarly, |Garg et al. (2024) highlighted the importance of the
int zrferometric coherence in arid regions, where oodwaters reduce coher-
ence, while non- ooded areas exhibit stable and consistent coherence over
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time. However, other factors, such as varying soil moisture conditions, car.
also lead to a loss of correlation. Therefore, further research is requirec
better understand the environmental conditions under which interferoi,.~tr.>
coherence can reliably indicate ooded areas.

4.4. Suitability of reference water maps

The suitability of the monthly reference water maps depe ds un their
ability to match the level of detail as provided by Sentinei-» 20" to re ect
accurately the normal water extent for the same season. ‘Jn» srtunately, these
requirements could not have been ful lled by using existi. < glo ,al surface wa-
ter data sets. For example, relying on static water prc - ucts such as the SRTM
Water Body Data (NASA JPL, 2013) or the Copernicu.. DEM Water Body
Mask (Franks and Rengarajan, 2023) would lead to an overestimation of ood
extent particularly in hydrologically dynamic reyans like monsoon-a ected
Bangladesh (Fig. [4). Martinis et al| (2022) co’. rm this e ect through com-
paring di erent water mask products. Ti. v s’ress that only few studies
explicitly address seasonality, and the. ns ¢ all seasonal water products are
useful for ood mapping. The latter . “«nt. s also true for the widely used
Landsat-based GSW data set from |Pen ! et al.| (2016). This data set contains
a \Monthly History" product (Pen ! et 7..,12016) that o ers intra-annual wa-
ter extent through monthly layers fro. > the past 32 years, but is sensitive to
single-image artifacts such u. =2xtreme events or cloud cover. Such artifacts
are removed in the GSV. Moi..aly Recurrence™ product, which provides
monthly water coverage but 5 averaged over a long period, thus not re-

ecting river dynam’.o ar ciiinate shifts. Last but not least, it needs to be
remembered that v ter n..ps derived from optical and topographic data do
not capture the same wvater areas as observed by Sentinel-1, which would
lead to syster, ‘tic errors in the Sentinel-1 o0od maps.

For thesn.rea.~rs, a dedicated e ort was needed to produce 20 m ref-
erence watzr mcns directly from the Sentinel-1 datacube, meaning that the
GFM sorvice has delivered a completely new global high-resolution surface
water datec et almost as a by-product. As our global evaluation has shown
(Sectiv.n.B.4), the quality of the GFM reference water maps appears to be
gJite 2ood, with overall accuracies of 95.6% for the permanent water ex-
te ot ard 74.4% for the seasonal water bodies respectively. Nonetheless, it
-.ee0s *0 be remembered that these water extent maps only show water sur-
fac 2s as sensed by Sentinel-1. More complete water maps could be derived
vy adopting multi-sensor approaches that combine the Sentinel-1 data with
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multi-spectral optical data from Landsat or Sentinel-2 (Martinis et al., [2022,
or novel bi-static measurements such as provided by Global Navigation Sa ‘e,
lite Systems Re ectometry (GNSS-R) missions (Carreno-Luengo et al., |2224)
or swath-based altimetry missions (Morrow et al., |2018).

An open question for ood mapping is the optimal leng:h oi *'ie t+ me
series used to compute the reference water maps. Following FMa. finis et al.
(2022), GFM uses time series of a few years from the recent past. 'Nhe.eas the

rst versions of the reference water maps was based upon w.o:¥ ars (2019-
2020), the most recent on ve years (2017-2021). W'ile c¢he longer time
series helped to reduce misclassi cation and mitigate.tf.>imp ict of extreme
events, longer aggregation periods may blur dynam.  hyarological features,
such as braided rivers and water reservoirs. Hence, somc water surfaces that
should be part of the reference water maps ax: wrongly shown as ooded
(e.g. water reservoirs that are being lled un), . n interesting special case
is ooded elds used for growing rice and ott.er.semiaquatic crops. These

elds are sometimes included in the referenc - w=cer maps and sometimes in
the ood maps. As this is confusing for *.1e. GFM users, a dedicated e ort
for mapping these elds based upon t. ir r.onounced seasonal backscatter
behaviour, as for example done by Ngu_=n and Wagner| (2017) over European
rice elds, might be useful.

4.5. Adequacy of accuracy ! ~trics

The results of the valua ion ictivities, as discussed in Section 3.4, have
been quite mixed so far. Whi : the results are generally satisfying, the CSI
values computed for. ... 'iviccal ood events and the global evaluation of the

rst version of the: ood cata archive (GFM v2.1.0) fall short of the GFM
service’s accuracy tary *. Insights gained from the di erent validation activ-
ities have alre dy been very instructive, driving step-by-step improvements
in the algori*hms ~rd work ows with each new GFM version. For example,
over- and.t nder.'~ction errors as discussed above have already been reduced,
leading 0 su2sequent improvements in CSI values. Nonetheless, we note that
in son e ca.>s the CSI and other accuracy metrics remain relatively low, even
when w22 ood maps appear visually satisfactory (Roth et al., 2023, 2025).
Tais v ises questions regarding the adequacy of the accuracy metrics. One
ket iss'.e is the lack of independent data to serve as objective ground truth
Jr achassing how well the algorithm extracts ooded areas from Sentinel-1
images. As a result, expert-interpreted Sentinel-1 ood data are used to cre-
ate ood reference datasets. However, this introduces uncertainties, which
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likely lower the CSI and other accuracy metrics to an extent that remains
unclear. The second issue is that, so far, the quality of o0od maps has L&
assessed with methods as used for assessing static land cover. While ¢, *ic!
aspects such as sampling design, response design, and analysis ¢'esi a1 are
well understood for the latter (Stehman and Czaplewski, 1£38; \*c.iga on
and Green, 2019), the high spatiotemporal variability of the sc.sitivity of
the sensor to the target variable and the highly dynamic nat.:re ¢, oods
make the evaluation of ood data much more challenging. ~s2.x sult, ood
mapping studies had to cope with inadequacies of metr.cs. .erived from the
error matrix. For example, Landuyt et al.| (2019) show <. th:.t the CSI has
a bias towards large-scale o0ods and assigns a hig. »r accuracy in case of
overdetection in comparison to underdetection. When c:ing the whole map
for the metric computation, the agreement bet.2en the reference and classi-

cation will generally be much larger comparad . their di erence. Further,
the expected autocorrelation of neighbouri‘ig ©ixels in satellite observations
leads to many redundant pixels being valic 'tec. Consequently, [Landwehr
et al. (2024) suggested the de nition /it a2 appropriate sampling design for
computing the metrics and choosing ai “ider,uate metric for the correspond-
ing design.

In line with our methodologic ! ap sroach, which views ood mapping
as a geophysical variable retrieval prchlem rather than a classi cation task
(Section [2.1), we believe thucalso the validation of ood extent data should
be approached from a bruacr geuphysical perspective. First, validation ac-
tivities should clearly de ne th :ir scope. Is the aim to evaluate the combined
e ect of sensor and . trieves algorithm on the quality of the ood extent
data, or just one c¢* these aspects? In all cases, data producers should pro-
vide estimates of the rctrieval uncertainty and clearly identify exclusion areas
where the sen. r is insensitive to the target variable. Additionally, validation
should not k2 lini*e< to  ood images but should also include non- ood cases
(Tupas et.al., zc?4). It is likely that most existing algorithms are optimised
for 007 de.~ction, which may limit their applicability to other regions or
time _(.erio's. Moreover, methods must be developed to assess the impact
of impc-fect reference data on accuracy metrics. All these topics require a
comnionily e ort to develop best practice guidelines, which, as already noted
b, Lan.wehr et al.| (2024), are still missing. These e orts could be organised

3 pa.t of the Land Product Validation subgroup of the Committee on Earth
OF servation Satellites (https://Ipvs.gsfc.nasa.gov/).
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4.6. Temporal coverage

Despite the fact that the Sentinel-1 mission provides better global ¢v-
erage than any other single SAR satellite or SAR satellite constellatior, 2.
analysis presented in Section [3.3 illustrates that smaller ood eyenf. may
be missed, particularly in less well-covered areas of the wori«d. > .rea.ing
the temporal resolution of SAR acquisitions would signi cant!‘ n. 2rove the
ability to capture the high dynamics of oods, ensuring that ood peaks
and progressions are adequately monitored. Through improver.c~ s in swath
width and duty cycle, the situation will become better fo th: Sentinel-1 Next
Generation (Torres et al., [2024). Nonetheless, subst.nu. t i provements in
the GFM coverage can only be achieved by integratii.: further satellites into
the service. The most logical candidates are other SAR iissions that match
the global and systematic monitoring capabili=t2s of Sentinel-1. In this re-
gard, two L-band SAR missions stand out.-=amd.'v the NASA-ISRO Syn-
thetic Aperture Radar (NISAR) satellite (Rc.en and Kumar, 2021), which
is ready for launch in early 2025, and tha Kk 427 Observing System for Eu-
rope at L-band (ROSE-L) two-satellitcs c-ns*ellation mission (Davidson and
Furnell, 2021), planned for launch.in e 7028+ timeframe. ROSE-L be-
longs to the Copernicus programiie, «d its two satellites will be operated
in synergy with the two Sentinel-1 . ~tel’.tes, with the orbit phasing yet to be
determined. One option is.t2> y the MOSE-L satellites in convoy with the
Sentinel-1 satellites, acquiringmatching dual-frequency SAR imagery just
minutes apart. The alteriau = 15 to phase the orbits of the four satellites to
maximise daily global cc ‘erag . As we already highlighted in Wagner et al.
(2024), the second rpuan 15 clearly preferred by the GFM service. While
dual-frequency reti”>vals van be expected to improve the accuracy of the

ood maps to some e..*ent (Re ce et al., |2020), the more critical issue is
whether the s .=llites can e ectively capture ood dynamics, especially near
the ood ps’- Ir.2ipective of the choice for the orbit phasing, research will
be neadec' to op. mally exploit the availability of interleaved C- and L-band
backsca *er .me series.

5. -=and'usions

The GFM service constitutes a signi cant advancement in the eld of
saten.*e-based ood monitoring. Launched in 2021 as part of the CEMS,
th: GFM service has demonstrated its capability to deliver ood maps with
nigh accuracy and reliability in near real-time. When the Sentinel-1 ground
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segment operates normally, the service achieves a rapid turnaround of undei
ve hours, which is essential for timely disaster response. The ood mue
are produced using an innovative ensemble approach that integrates hre»
complementary ood mapping algorithms. These algorithms comb’ ie - ingle-
image, dual-image, and time-series techniques to improve the <obu: *r.ess ind
accuracy of the automatic ood detection. In addition to tha Lnary ood
map, a novel ood likelihood layer is generated, which often ¢ ers'a more
comprehensive view of the ood situation. For example, it et 2pict river
courses more e ectively than the binary ood maps. 'sse’s with their on-
site knowledge can create a binary ood map that is £>"cer .uited to local
conditions by ne-tuning a threshold, above whici. a pixel is classi ed as
ooded and below which it is classi ed as non- ooded.

The scienti ¢ algorithms were implementec. within a cloud platform en-
vironment, leveraging a datacube-centric processing architecture. This ap-
proach is crucial for framing the ood m/ppag problem as a geophysical
variable retrieval task, rather than a tradi. an2" image classi cation prob-
lem. A global 20 m Sentinel-1 datacr oe allows to compare each incoming
backscatter image with the entire hist. - cal vackscatter dataset, facilitating
time-series analysis on a per-pixe. ba.’s. This setup has enabled the gen-
eration of monthly reference watc: mar s, which di erentiate ooded areas
from permanent and seasonal water b dies, as well as an exclusion mask that
informs users where Sentinci * cannot e ectively map ooded areas. Advi-
sory ags raise attention i 2ase of ambiguous radar signals stemming from
meteorologic or geomor} holog : circumstances, and ood impact indicators
give quick insight ints > ecicd population and land cover. Additionally, the
datacube has enak' d the creation of a global ood data archive spanning
the entire Sentinel-1 1, ‘ssion from 2015 onwards. The GFM ood archive is
continuously » hdated with NRT data, while regular reprocessing e orts are
conducted t2.ens. vercompatibility between the NRT and archive data.

Despite its scocesses, the GFM service faces several scienti ¢ and techni-
cal chal'engcs. One of the primary issues is the reduction of false positives,
especi ally .~ agricultural and arid regions, as well as in areas with frozen
or snov. covered land surfaces. These false positives arise from the complex
scatte.'ng mechanisms as depicted by SAR imagery, which are in uenced
b, a raage of environmental factors, including soil moisture and vegetation
*.yna. Yics. Another signi cant challenge is the underdetection of oods in cer-
ta’ 1 conditions. The reliance on VV polarisation alone, without considering
vH polarisation, can lead to underestimation in areas with dense vegetation
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or rough water surfaces. Additionally, urban areas pose di culties for oot
detection due to the complex interaction of microwaves with building sti:ic
tures. Preliminary validation results as reported in this paper showed *thet
algorithmic improvements are still needed, several of which are ir t = pro-
cess of being implemented and tested. Moreover, work is neeced t dve ace
validation practices, approaching the problem from a broadar ¢~opnysical
perspective and accounting for uncertainties in the ood referer ~e auta. For
the users, another pressing issue is that particularly smaller 22:" events go
undetected due to insu cient data coverage. The analys:s o 104 global ood
events from 2022 to 2024 revealed that the GFM service “celyi ig on only one
Sentinel-1 satellite during this period, detected 70.2." of these events. How-
ever, the detection performance varied signi cantly aci 'ss continents, with
Europe demonstrating the highest success rate.=nd Oceania the lowest. The
reduced capability to detect smaller ood events, \articularly in regions with
low temporal revisit frequencies of Sentine -1 .at=llites, highlights the need
for improved data coverage.

To enhance the GFM service, se era. future directions are proposed.
First, the integration of VH polarisav *n cata could improve ood detec-
tion in vegetated and urban area,. ~'ditionally, the development of more
sophisticated algorithms that accu. nt fo  the complex scattering mechanisms
in SAR imagery is essential. For insta. =&, the consideration of double bounce
signals and interferometric ‘ccherence may improve food mapping in urban
areas and dense vegetativii Ma.un et al., 2014; Chini et al., 2019). Flood
maps may be re ned by imprc sed use of ancillary data such as topographic
indices and land cove. [Tup.o et al., 2023a). Machine learning is expected to
be useful for a bet™r moczlling of overdetection cases (Misra et al., [2024).
The GFM service sheld also continue to re ne and update its exclusion
mask and ret. ence water maps, making sure that these data layers re ect
changing lard co.~rrand water body dynamics. After the premature loss of
Sentinel-18;, the expansion of the Sentinel-1 constellation with Sentinel-1C
and the.upc>ming Sentinel-1D satellite is essential to maintain the perfor-
mance of v = service. Additionally, adopting a multi-sensor approach, which
incluac » data from other satellite missions such as ROSE-L, would signi -
c.ntly ‘mprove the ability to capture ood dynamics and reduce over- and
u. derd tection. The aim is to gather enough satellite imagery to monitor
ne p.ngression of oods from onset to peak and retreat with improved the-
m: tic accuracy. Although not covered in this review, the integration of the
wFM ood maps with topographic data and hydraulic models to provide
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17 More complete ood extent maps and ood depth estimates holds signi cant
1368 potential.

1369 The Sentinel-1-based Global Flood Monitoring service has made s.gni -
130 cant strides in operational satellite-based o0od monitoring, providiig - imely
1 and accurate ood maps to support disaster response e ortc. Wh'ie cial-
132 lenges remain, ongoing research and development e orts are:ou’=ea w0 en-
1373 hance the service’s capabilities, ensuring it meets the evolving r.>eds of users
174 Worldwide. By leveraging advancements in SAR technology «.>7 ntegrating
1375 data from multiple satellite missions, the GFM service i© we 1 set to continue
13s 10 play a leading role in global ood risk managemenrt < > m cigation.
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Appendix: List of ood events

The 104 ood events selected for this study vere derived from the Global
Disaster Alert and Coordination System (GDA™'S). GDACS o ers real-time
ood alerts and comprehensive data to aid d*.c ter . 2sponse (De Grove et al.|
2007). The alerts issued by GDACS are ba ec on information gathered from
authoritative institutions, media outlet~.ar.~zcienti c¢ institutions, rather
than automated systems. These alerts el or manual evaluations of the ood
impacts, which are performed by the _~r*'nouth Flood Observatory. The
assessments include various metrizs suc as the area a ected, the duration
of the ood, severity, fatalities, an.' th: number of displaced persons. The
magnitude of each event is‘~~mputed « cording to:

a ected region

Magnitude = In'dura.’'on) severity class 100

where the a ected.(egio,is measured in km?, estimated from the polygon
that encompasses ah “he place names reported in the media. For single-day
events, the duration is set to 1.1 for calculation purposes. The GDACS alert
score is transiaw. into an alert level or colour as follows:

—ary. scale oods: GDACS score of 2.5, corresponding to a Red alert
for more than 1,000 dead or 800,000 displaced.

M dium-scale oods: GDACS score of 1.5, corresponding to an alert if
v ere are more than 100 dead or 80,000 displaced.

Small-scale oods: GDACS score of 0.5, corresponding to a Green alert
for all other oods.
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Our dataset (Table [7) contains all large- and medium-scale ood events
that occurred between 2022 and 2024, ensuring comprehensive coverage u:
signi cant global oods during this period. In addition, small-scale =201
events were included to obtain up to 20 ood events per continenal - 2gion
and test the ability of the GFM service to detect less severe ¢vent.

< Table[7] >
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Tables an

d Figures

| Algorithm | Single-image | Dual-image | Time-serie.

Developer | DLR LIST TU W en-

Target Total water area Total water and re- | Flond « 2a compared

variables cently ooded area tc sea.2nal mean

Reference None Last image from same | Ima e simulated with

image orbit | Niew™ nic model

Method Hierarchical tile- | Hierarchical sp’it- ' Bayesian inference
based thresholding based thresholding \

Thresholds | Automatic tile- | Automatic tile- | Fixed threshold of
based thresholds for | based thresho. 's | Bayesian  posteriori
backscatter for backscatter and | probability

backscatter ~hange

Likelihood | Fuzzy logic Bayer.an .nference Bayesian inference

Post- Region-growing Regic > grov ing Noise Iter

processing

Main refer- | [Martinis et al.| (2015) || “Fini ¢ : al.] (2017) Bauer-Marschallinger

ence | et al. (2022)

Table 1: Main characteristics of the threc . 0of mapping algorithms used within the GFM

service.

] Access

| Descri] tion

| Link

REST Al

\
tem (EFAS)

Web viewers | GFM..vic r7 integrated into the
welk vie.2rs of the Global Flood
Awc =ness System (GIloFAS) and
the European Flood Awareness Sys-

https://global- ood.
emergency.copernicus.eu/
https://european- ood.
emergency.copernicus.eu/

“I KCSTRUl APIs written in Python
with the Flask framework for web

applications

https://api.gfm.eodc.eu/v2/

Weh .
Servic

P

GeoServer implementation to sup-
port web-based GIS analysis

| ‘Neb hortal

Dedicated webportal tailored for op-
erational GFM applications

https://geoserver.gfm.eodc.eu
/geoserver/gfm/wms
https://portal.gfm.eodc.eu/

Table 2: Access mechanisms for the GFM ood products.
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https://global-flood.emergency.copernicus.eu/accounts/login/?next=/glofas-forecasting/
https://global-flood.emergency.copernicus.eu/accounts/login/?next=/glofas-forecasting/
https://european-flood.emergency.copernicus.eu/efas_frontend/#/home
https://european-flood.emergency.copernicus.eu/efas_frontend/#/home
https://api.gfm.eodc.eu/v2/
https://geoserver.gfm.eodc.eu/geoserver/gfm/wms
https://geoserver.gfm.eodc.eu/geoserver/gfm/wms
https://portal.gfm.eodc.eu/

Name

| Description

\ Sections\ D .ta —ormats

Observed

Flooded areas observed by Sentinel-1,

s

R c.er  (COG)

Flood extent | mapped by applying a majority vot- .d vector
ing on three scienti c algorithms . (GeuJSON)
Total water | Total water extent by blending ob- EE] | Daster (COG)
extent served ood extent and reference wa- and vector
ter extent (GeoJSON)
Reference Monthly maps of permanent and sea- [2.2} Raster (COG)
water extent | sonal water extent derived from me- and vector
dian Sentinel-1 backscatter im.ges (GeoJSON)

using the single- and dual-imag. al-
gorithms

Exclusion Unclassi ed areas due to t¢ o raf 1y Raster (COG)
mask and lack of sensitivity <7 Ser.lilel-1

(forests, cities, smoott st rac>s)
Flood likeli- | Likelihood of a pival i inc" ooded Raster (COG)
hood derived by averacing v 2 likelihoods

from the three scic >ti_c algorithms
Advisory Flags indiea*ting poter..al misclassi - Raster (COG)

ags cations due > environmental condi-

tions (d7y < ils, v ost, snow, wind)

S-1 footprint | Sentine -1 aco lisition parameters in- KML

& Metadata | her.. frc. o (W image

S-1 schedule | N~ «t schouled Sentinel-1 acquisition KML

A ected Nun.er of people in a ected areas, Raster (COG)
population mapped by overlaying the ood map

with population data
+

§OBIE B B O

A ected Flood land cover classes, mapped by Raster (COG)
lanc cove - overlaying ood map with land cover
data
Tahle 3: The ten data layers of the CEMS GFM product. COG stands for cloud optimised

C:0T1n =, GeoJSON is a format for encoding a di erent geographic data structures, and

(AN

aL is .
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| Continent Events | Detected | Missed | No Data |
Europe 20 19 1 0
Asia 20 14 3 3
South America 20 14 4 2 \
Africa 20 13 7 0
North America 15 9 3 3|
Oceania 9 4 3 2
Total 104 73 21 s

Table 4: Summary of ood events detection performanc: b, co tinent.

Table 5: Global evaluation results for permans " \wa..

| Class | OA[%] | CSI 1] |
Permanent water | 95.9 0.2'| 64.1 0.7
Seasonal water 744 0.4 [ °5.2 0.8
Flood 72.000.2 | 45.7 0.8

. seasonal water, and ood pixels,

showing Overall Accuracy (OA) and Critical/ suciess:Index (CSI) together with their 95%

con dence intervals.

| Biome | Environme, *al zne | No. | OA [%] | CSI [%] |

Boreal/Alpine E. Cc'd-and wet 543 | 78.1 3.6 | 41.9 4.9
F. Exureely cold and mesic 4521 | 69.7 1.4 | 575 1.7

G. Zuilanu mesic 4542 | 809 1.2 |64.2 1.6

Cool temperate H. Cool 1 :mperate and dry 3931 | 77.2 1.4 |583 1.8
2 Colircemperate and xeric 3130 | 78.7 1.5 |55.2 2.0

| J. Crol temperate and moist | 1185 | 94.7 1.3 | 68.4 3.1

Warm temperate | <. Warm temperate and mesic | 3273 | 92.9 0.9 | 63.8 1.9
L. Warm temperate and xeric | 3439 | 82.3 1.3 | 47.8 2.0

Sub-tropical M. Hot and mesic 2286 | 89.4 1.3 | 63.7 2.3
Drylands N N. Hot and dry 4149 | 73.1 14| 53.1 1.8
O. Hot and arid 2319 | 64.2 2.1 | 36.2 2.3

P. Extremely hot and arid 1412 | 67.2 2.6 | 374 3.0

Q. Extremely hot and xeric 4875 | 79.2 1.2 594 1.6

Tonicd! R. Extremely hot and moist 8458 | 85.8 0.8 | 74.2 1.1

T« le 60 Evaluation results for di erent bio-geographic regions as

de ned by |[Metzger

. - al[ 1?7013). The third column shows the number of sample points per environmental

Z0r 2.

==.all number of sample points (<100).
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Figure 1. Average revisit time of the Sentine. © twe satellite constellation over non-polar
land. The image was created by colle“dnig ali interferometric Wide (IW) swath data
acquired by Sentinel-1A and Sentinel-Z" in th years from 2016 to 2021.
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