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Abstract. An ensemble of forecast flood inundation maps has the potential to represent the uncertainty in the flood forecast

and provide a location specific;-prebabilistie; likelihood of flooding. Fhis—gives-valuable-informationte Ensemble flood map

forecasts provide probabilistic information to flood forecasters, flood risk managers and insurers and will ultimately benefit

people living in flood prone areas. Spatial verification of the ensemble flood map forecast against remotely observed flooding is
important to understand both the skill of the ensemble forecast and the uncertainty represented in the variation or spread of the

individual ensemble member flood maps. Previeusly In atmospheric sciences, a scale-selective approach has been used to eval-

uate a convective precipitation ensemble forecast. This determines a skilful scale (agreement scale) of ensemble performance

by locally computing a skill metric across a range of length scales. By extending this approach through a new application we

evaluate the spatial predictability and the spatial spread-skill of an ensemble flood forecast across a domain of interest. The spa-
tial spread-skill method computes an agreement scale at every grid cell atgridlevel between each unique pair of ensemble flood

maps (ensemble spatial spread) and between each ensemble flood map with a SAR-derived flood map (ensemble spatial skill).

nee These two are compared to produce the final spatial

spread-skill performance. These methods are applied to an-example the August 2017 flood event on the Brahmaputra River in
the Assam region of India;-August-2017. Both the spatial-skill and spread-skill relationship vary with location and ean-be are
related to physical characteristics of the flooding event. Reutine Validation and mapping of the spatial predietability spread-

skill relationship in an operational system monitoring would allow better quantification of medel forecast systematic biases
and uncertainties. This would be particularly useful for ungauged catchments and would enable targeted model improvements

to be made across different parts of the forecast chain.

1 Introduction

Forecast flood maps indicating the extent and depth of a predieted fluvial flood within an actionable lead time, are a wvital
useful tool for flood risk managers and emergency response teams prior to and during a flood event. Typically, forecast flood

maps are presented as deterministic forecasts predieting showing precisely where flooding will occur. This can lead to inci-
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dents of false alarms or missed warnings and subsequent recriminations causing mistrust in the system (Arnal et al., 2020;
Savage et al., 2016). A timely prediction of exactly where and when fluvial flooding caused by intense or prolonged rainfall
will occur is virtually impossible due to the chaotic nature of the atmosphere (Lorenz, 1969)—which-ultimately-determines
where-heavyprecipitation-willfall. The ensemble forecasting approach aims to address the sensitive nature of the atmosphere

to its initial conditions and through multiple model runs these initial condition uncertainties can be quantified (Leutbecher and

Palmer, 2008). Fhis The ensemble forecast results in a probabilistic weather forecast that indicates the predictability of the

atmosphere at a given space and time. State-of-the-art operational ensemble flood forecasting systems link together a chain of
forecast models to produce probabilistic streamflow and flood inundation forecasts at national and global scales (Cloke and
Pappenberger, 2009; Emerton et al., 2016; Wu et al., 2020). Ensemble Numerical Weather Prediction (NWP) models provide
meteorological inputs into land-surface, hydrological and hydraulic models, cascading the atmospheric uncertainty through to
the flood forecast. Throughout this chain of models multiple sources of uncertainties exist (Beven, 2016; Matthews et al., 2022;

Pappenberger et al., 2005; Zappa et al., 2011). As discussed by Boelee et al. (2019) , these uncertainties include those detail-the

uwheertainties arising from meteorological inputs, measurements and observations, initial conditions, unresolved physics within
the models and parameter estimates. A probabilistic flood inundation forecast should present a meaningful prediction of the
likelihood of flooding so that there is confidence in the forecast, given the uncertainties represented in the system (Alfonso

et al., 2016).

The accuracy of the location of flooding, predicted in advance, is defined as spatial predictability. The spatial predictability
of ensemble forecasts of flood inundation could be verified by comparing with a remote observation of the flood from satellite
or unmanned aerial vehicle (UAV) based sensors. Satellite-based optical and Synthetic Aperture Radar (SAR) sensors are well
known for their flood detection capability (e.g. Horritt et al., 2001; Mason et al., 2012). SAR sensors are active, which enables
them to scan the Earth through weather and clouds, and at night. The SAR backscatter intensity detected depends on the rough-
ness of the surface, with unobstructed flooded areas and other surface water bodies appearing relatively smooth and returning
low backscatter values. Dasgupta et al. (2018a) detail some of the challenges along with approaches to solutions of flood
detection using SAR, examples of these challenges include: roughening of the water surface by heavy rain and strong wind,
emergent or partially submerged vegetation and flood detection in urban areas. Accurate flood detection in urban areas particu-
larly due to surface water flooding has become increasingly important (Speight and Krupska, 2021) and recent techniques have
led to improved flood detection (Mason et al., 2018, 2021a, b). Optical instruments rely on solar energy and cannot penetrate
cloud, making them less useful during a flooding situation. Recent studies have investigated the flood detection benefits from
combining both optical and SAR imagery (Konapala et al., 2021; Tavus et al., 2020). Improvements in the spatial-temporal
resolution of SAR images and their open source availability mean that they are an increasingly valuable tool for hydraulic
and hydrodynamic model improvements through calibration, validation and data assimilation (e.g. Garcia-Pintado et al., 2015;
Hostache et al., 2018; Cooper et al., 2018, 2019; Di Mauro et al., 2021; Dasgupta et al., 2018b, 2021a, b). The Global Flood
Monitoring (GFM) product (EU Science Hub, 2021; GFM, 2021; Hostache, R., 2021) of the Copernicus Emergency Man-

agement Service (CEMS) (Copernicus Programme, 2021) produces SAR-derived flood inundation maps for every Sentinel-1
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image detecting ooding. Three ood detection algorithms provide uncertainty estimation and population affected estimates
within 8 hours of the image acquisition. The European Space Agency (ESA) Copernicus Programme have recently included
the ICEYE constellation of small satellites into the eet of missions contributing to Europe's Copernicus environmental moni-
toring programme (ESA, 2021). ICEYE captures very high resolution (spot mode ground range resolution = 1 m) SAR images
which brings the potential for increased accuracy of ood detection, particularly in urban areas.

To evaluate the accuracy of an ensemble forecast, a number of veri cation measures haagshiegpresously proposed.
Anderson et al. (2019) developed a joint veri cation framework for end-to-end assessment of the England and Wales Flood
Forecasting Centre (FFC) ensemble ood forecasting system. Anderson et al. (2019) describe veri cation metrics such as the
continuous rank probability score (CRPS), rank histograms, Brier Skill Score (BSS) and the relative operative characteristics
(ROC) diagrams that are commonly applied to assess the main ensemble attributes desirable in both precipitation and stream
ow ensemble forecasts (e.g. Renner et al., 2009). These metrics refer to ooding events as part of a time series evaluated

against a reference benchmark, such as climatology, to produce an average skilFsesedifferfromtheensenblespdial
i i i ei-c—timepointcorsideredhere.In cornrast,herewe corsiderersenble spatial veri-

cdion at a single time point. The veri cation of ensemble forecasts usually involves comparing the RMSE of the ensemble

mean against an observed quantity to assesskifleof the forecast with the ensemble standard deviation used as a measure

of spread A perfect ensemble should encompass forecast uncertainties such that the ensemblegsiaisiacconelatedto

the RMSE of the forecast (Hopson, 2014). Thigead-skillrelationship was assessed by Buizza (1997) to investigate the
predictability limits of the European Centre for Medium-Range Weather Forecasts (ECMWF) Ensemble Prediction System
(EPS). This approach to ensemble veri cation is based on point values and makes the assumption that the ensemble mean i
the forecast state with the highest probability and that the forecast distribution is Gaussian. Signi cant ooding events are,
in their nature, a rare occurrence and in certain circumstances a few ensemble members can indicate a low probability of an
extreme ood. Also, in particular atmospheric scenarios the ensemble forecast may result in a multi-modal forecast where
two clusters of ensemble members are each equally likely (Galmiche et al., 2021). For example, both clusters may indicate
ooding events but at different magnitudes. In both of these instances the individual ensemble member details are important
and evaluation of the ensemble mean alone would not be meanivgfehmagping the ood extentprediction, the ensemble

mean eld alone does not retain the spatial detail of the individual member forecasts.

spreadskill-of-the-ersenble-forecast. The spdial spreadskill of the ensenble forecastis detemmined by evalating the full
ensenble againsbbsewationsof ooding. For a ood map ensemble to be considered spatially well-spread, the spread or vari-

ation between ensemble members should equal the spatial predictability, or skill of the ensemble members (Dey et al. (2014),
seeSecion 2). Presently, to the best of our knowledge, quantitative evaluation methods assessing the spatial spread-skill of

ensemble forecast ood maps do not existhumeticalweatherpredictionpresdouswork-by However,previouswork in nu-

meiical weatherprediction by Ben Bouallegue and Theis (2014) investigated the application of spatial techniques to ensemble
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precipitation forecasts using a neighbourhood, or fuzzy approach that allowed comparisons at larger scales than grid level. A
location dependent approach to the spatial spread-skill evaluation of a convective precipitation ensemble forecast was devel-
oped by Dey et al. (2016). This method compares every ensemble member across a range of scales on a spatial eld against a
observation eld to assess whether the ensemble forecast is spatially over-, under- or well-spread on average across a domain c
interest (Chen et al., 2018). In a recent study, a scale-selective approach was developed and applied to evaluate a determinist
ood map forecastvhereconmpaisonswere madeagainstcornvertional binary peformancemeaures (Hooker et al., 2022a).

Fhispaper The work describedhere extends and applifsis scalesdedive approach to assess the spatial predictability and

the spatial spread-skill of an ensemble ood map forecast.

In this paper we aim to address the following questions:
— How can we summarise the spatial predictability information in ensemble ood map forecasts?
— How can we evaluate the spatial spread-skill of an ensemble ood map forecast?
— How does the spatial spread-skill vary with location and how can this be presented?

In Section 2 we present a new approach to the evaluation of spatial predictability and the spatial spread-skill of an ensemble
ood map forecast by comparing against a remotely observed ooding extent. We illustrate the features of the methods through
an example case study of an extreme ooding event of the Brahmaputra River which impacted India and Bangladesh in August
2017; witha focus on the Assam region of India. The ood event details are described in Section 3.1. The international
ensemble version of the JBA Consulting Flood Foresight system provides forecast ood maps for the study and is described in
Section 3.2. Observations of the ood are derived from satellite based Synthetic Aperture Radar (SAR) sensors and the method
is explained in Section 3.3. The results including our new Spatial spread-skill (SSS) map are discussed in Section 4. Our results
show that individual ensemble member spatial predictions of ooding are meaningful and that the full ensemble spatial detalil
should be evaluated. We conclude in Section 5 that the spatial spread-skill of the ensemble forecast varies with location acros:s

the domain and can be linked to physical characteristics of the ooding event.

2 Ensemble ood map spatial predictability evaluation methods

In this Sedion we presenihew mettodsfor evaliating andvisualising the spdial-spreadskill of anensenble ood mapfore-

cast. Hooker et al. (2022a) described and applied a new scale-selective approach to evaluate the spatialestiathoinéstic

ood map forecastintermsof-a-skilful-scaleatwhich-theforecastcapuresthe relative to an observed SAR-derived ood

map. Here, we apply thigefi—caion same measure to evaluate different aspects @rsembldorecast. Thescalesdective

Fraction Skill Score (FSS) method is outlined in Section 2.1. Agreement scaldmdéagadng forecastaccuracy are de ned for

location-speci c comparisons betweeso—elds forecastandobserved ood maps in Section 2.2. These are used to assess the

spatial relationship between each unique pair of ensemble member ood(mapbermenber) and between every ensemble




member ood map and the observed SAR-derived ood naeifberSAR, Section 2.3). Visualisation methods of the spatial
125 spread-skill relationship including our neSpatial Spread-Skill (SS8)ap are presented in Section 2.4.

2.1 Fraction Skill Score

The FSS is a scale-selective veri cation measure that can determine the skilful scale of a modelled ood map, when compared

against a remotely sensed observation of ooding (Hooker et al., 2022a). We will call tteebenaps themodel arrayand

the observed arrayrespectively. For an ensemble forecast, the model array could be an individual ensemble member, or a
130 summarised ood estimate derived from a combination of ensemble memsbehngsa combinedensenble or the ersenble

median (see Section 3.4Both the modeland observedarays are corvertedinto binary elds usng a situation deperdent

threstold. Forthis ersenble application of the FSSwe evaluatethe ood ing extentandeachgrid cell in thedomainis labelled

asinundated(1) or dry (0). All grid cellsarenumberedaccordng to their spdial locaions(i;j ),i =1 :::Ny andj =1:::Ny

whereNy is the number of columns arid, is the number of rowsSuroundng eachgrid cell, a squareof lengthn createsan

135 n n neighbouthood.Thefraction of 1s (inundatedcells)in the squareneighbouthoodareais calculatedfor every grid cell.

This createstwo araysof fractionsacrosghe domainfor boththe observedO,; andmocelledM; data.The meansquared

error (MSE) for the fraction arraysis calculatedfor the domainanda givenneigtborhoodsize,n:

140
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Aurberedaacordngtotheirspdial-coordinates(i;j ), i = 1 :::Ny andj =1 :::Ny whereN, isthenurberof-columnsin-the
domainandN, isthenumberofrows-Foreachgridcellasquareflengthn formsann  n neighouhoodsuroundngthe
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BasedDependng on the fractions calculated for the model and observed elds@stmaxmum possible MSE is calculated

150 MSEn(ref N [Oﬁlj + anll . (2)

Finally, the FSS igivenby

MSE,

FSS, =1 @ ———: 3
IVISEn(ref) ( )
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The FSSis initially calculatedfor the smalestneighbouhoodsize(n = 3) before increasngly largerneighbouhoodsizes
(n=5,n=7..)arecorsidered.The FSSrangeshetween0 (no skill) and1 (perfect skill). Increaing the neigtbouthoodsize
typically leadsto animprovedFSSasthe fractions arecalculatedover a largerarea.Ploting FSSagainstthe neighboumhood

size canindicatea rangeof scaleswherethe modelis deemedo be the mostskilful. A target FSSscore FSSt) canbe

deteminedfrom thefraction of observed ood ing acrosghewhole domain § o)

FSSr 05+ -2 )

The pointwherethe FSS,, exceeds-SSr canbeviewedasbeang equidigantbetweenthe skill of a ranrdom forecastand

perfect skill (Roberts and Lean, 2008yhe maghitudeof the observed ood, relative to thedomainarea,degeminesthevalue
of FSSy. This allows the conpatisonof the skilful scale(neighhouhoodsize)whereF SSy is reachedacrosgdifferentdo-

mainsizesand oods of differentmagnitudes.

2.2 Location dependent agreement scales

baweenf j; andfy; . Ih+545—knewnasmeag¥eenemseale8
neighouthoodsizedescribedpreviouslyin-sedion 2. 1isgwenbySA(“f2)—(n 1)=2.
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where Dcnt i = +(1 )7 (6)

st or Sim at DS Dok @)

The FSS(Sedion 2.1)givesa domain averagemeaureof forecastperformanceanda minimum spdial scaleat which the

forecastis deemedskilful. To enablethe spdial spreadskill of the full ersenble to be evaliatedat speei ¢ locaions,we rst

dene anagreenentscale(see Hooker et al. (2022&)r full methoalogy). The agreenentscaleis calculatedandmappedor

ewery grid cell in the domainandshowsa measureof similarity betweentwo araysof data.In cortrastto the FSSmethodthe

arraysarenotrequiredto bethrestolded. The agreenentscalemethodcanbe applied to bothbinary ood extentmapsaswell

as ood depth elds. Thesecould bothbe ensenble menber ood mapsor anensenble menber ood mapandanobserved

ood map.Two dataaraysareconparedf ;; andf,; andtheaimisto nd aminimumneighouhoodsize(or spaial scale)

for every grid cell suchthatthereis a predetemminedaaceptible minimum level of agreenentbetweenf 1 andf ;. This is

known as the agreement scéié(f 1fz) (Notethattherelationship betweenthe agreenentscaleandthe neigtbouhoodsize

describedpreviouslyin sedion 2.1is givenby SA(““) =(n 1)=2)

A relative MSE Di]-S is calculatedfor all grid cells,initially atgrid level,S=0 (n =1),

D§ _ (f 1jj 2|J )2
! (flu )2+(f2u )2

8)
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If f15 =0 andf; =0 (bothdry) thenDijS = 0 (cormrectatgrid level). Thevalueof DijS rangeshetweenzeroandl. Thearays

aredeemedo bein agreenentatthe scalebeng testedf:

S; _ S

DY Dgyj Where D&y = +(1 )75- 9
lim

The parameter value indicatesanacceptblebiasat grid level suchthatQ 1 andS;, isa xed maxmumscalethat

is predetermined.We setthecriterion for no baclkgroundbias, =0. If DijS Dcsm;ij thenthe nextneighbouhoodsizeupis

corsidered § =1, n =3, a3 by 3 square)wheref 11”- andf 21” arethe averagevalueof eachneigtbouthoodsuroundng the

grid cell at position (i;j ) for eachamray. The processcortinuesby conpating increagngly largerneighbouthoods(e.g.S=2,

n =5, a5 by 5 squareuntil theagreenentcriterion

shtfafz) o g gt DS DS 10
]

ij crit;ij

is metfor every cell in the domain. The agreenentscaleat which the agreenentcriterion is metwill uswally vary from grid

cell to grid cell andthesevalues §=0,S =1, S =2 andsoonupto S, ), eachspei c to eachgrid cell locaion canbe

mappedonto the domain of interestto provide a location spei ¢ meaureof agreenentbetweenthe two dataaraysthatare

compared.

A cakegorical scalemapshowsa measureof spdial accuracy betweentwo dataarays(Hooker et al., 2022a)/alidaion of

forecast ood mapsagainstremotely observed ooding extentis typically caried out by labelling eachgrid cell usng a con

tingencytable with categories:correctly predicted ooded, underprediction (miss),overprediction (falsealarm)andcorectly

predictedun ooded. Mapping thesecatgoriescreatesa corvertional cortingencymap,which conmbinedwith an agreenent

scalemapcreatesa cakgorical scalemap.Catgorical scalemapsmay be usedasa basis for compaisonbaweenersenble

menbersandobsewrations,aswe il lustratewith our casestudyin Sedion 4.3.

2.3 Ensemble spatial spread-skill evaluation

We assume that each ensemble forecast ood map represents an equally likely future scenario and the evaluation of the full
ensemble is needed to quantify the uncertainty and to evaluate the spatial spread-skill relationship. The ensemble ood map
spatial characteristics vary with location and in order to preserve the location dependent information, we utilise a method de-

veloped to evaluate a convective ensemble precipitation forecast (Dey et al., 2016). Here, we outline the method and describe

a new application to evaluate an ensemble forecast ood Kisae. Dey et al. (20168bradditionalddgailsofthemethod).

A neighbourhood approach (Section 2.2) is used to assess the spatial agreeméﬁﬁ(étfaﬂ)eor measure of similarity at

each grid cell locatioli;j ) between each unique pair of ensemble ood maps. For an ensemillenoémbers, there are

_MM 1)

M p 2 ’ (11)
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unique pairs€.g., 1275 pairs for a 51 member ensemdBaha
Bl pairs. For an ensemble, the skillful scale can be renamedhalexable scalewhich is the scale where ensemble members
become suf ciently similar to observations such that they are a useful prediction. Every paired ensemble agreement scale eld
is averaged at each grid cell to produce a mean eld, following from equation (7)

1
gA(mm) _ 1 X X gA(faf2) (12)

ij Mp ij
fi=1fo=f1+1

indicating the location speci c believable scales of the forecast ood map ensemble. Maﬁéw) summarise the spatial

spreadof thefull ersenble predictability-andcanbelinkedtophydecalprocesses. Each of the agreement scale elds between

the ensemble members and the observations are also averaged at each grid cell to give

A measure of the spatial spread-skill of the ensemble can be found by comparing the average agreement scale between th
ensemble membesf(w) representing the ensemldpreadwith the average agreement scale between the ensemble mem-
bers and the observed ood eI&f(W) representing the ensemlskill. Viswalisaion-metlodsfor-evabating-the-spaial
spreadskill-arepresentedn-Sedion 2.4.

2.4 Spatial spread-skill visualisation methods

A (mm) . .
i (representing the ensemldpread must be compared in the same

(representing the ensemtidkill). A

To evaluate the spatial spread-skélationship, S
A (o)
ij
averagng Dataarayscanbe visually comparedusing a binnedscater plot thataverages across a selected bin of cells at the
same locatioren-eachwithin the domain. Dey et al. (2016) demonstrated for an idealised example that by p&?ﬁ'@)
A (T0)
ij
be classi ed as over-, under- or well-spread. The ensemble is deemeduellkspreadat a speci ¢ location in the domain of

location asS

againstS as a binned scatter plot in order to preserve the spatial location of the comparison (Fig. 1), the ensemble can
interest when the spread of the individual members represented at each grid S@fl@y) equals the skill of the ensemble
represented at each grid cell B ™, i.e. SM™)  s2(M) = 0. The result would lie on a 1:1 line on the binned scatter

plot. Where the spread between the ensemble members exceeds the skill of the ensemble foﬁ;ﬁ‘a{@?.ez Sf(w) the
ensemble is considered to beer-spreadand the binned scatter plot will lie beneath the 1:1 line. The converse is true for an
under-spreacensemble forecast where the agreement between members, the spread, is less than the agreement between tt

ensemble and the observations, the skill. HSﬁ?a(,mT” < Si?(w) and the binned scatter plot would lie above the 1:1 line.

To summarise the spread-skill relationskip-eur-exarple—oed-case we develop this visualisation further by plotting a

hexagonal binned 2D histogram plaeehexbinplot-Sedion 4.3, Fig- 8) (an exanple hexbinplot is presentedin Sedion
4.3). The domain is divided into a (pre-determined) number of hexadtmeagongeducethe sanpling-biascomparedwi




andcanteselatetoform-anevenlyspacedyrid. Hexagonaminimize the perimeer to arearatio andtherdore minimize the

edgeeffects. The hexbin histogram plot colagiiade represents the number of data points within eacirbisaddsacditional

280 informdiontothestardardbinnedscaterplot.

285

Figure 1. Figure reproduced with permission from Dey et al. (2016) showing results from an idealised experiment indicating the spatial
spread-skill relationship between an ensemble forecast and the observation.

2.4.1 Spdaial-Spread-Skill{SSS)map

Whilst the hexbin plot is useful for gaining an understanding of the general spread-skill relationship of the ensemble ood map
forecast, it does not tell us speci cally where in the domain the ensemble spatial predictability is better or worse so that it can
be linked to physical processes and to imprmedelpeformanceagectsof the ood forecasing mocklling chain. Our new

Spatial Spread-Ski([SSS) map plotsf(w) Si? (o) at every grid cell location so that the spread-skill is mapped across the
domain and can be linked directly to different sub-catchments and surface features such as tributaries, embankments, bridge
and importantly the underlying topography or DTM, which in uence the derivation of the ensemble ood maps. Regions on
the SSS map where the ensemble is over-spread are positive with negative areas indicating where the ensemble is under-spree

10
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zero values show a well-spread ensemble. Note that this does not necessarily mean that the entire ensemble is in agreeme
with observations at grid level, but that the agreement scales beﬁfém) andSi? (M) are equal(An exanple SSSmapis

presentedn Sedion 4.3).

3 Ensemble forecasting ood event case study

In this section we describe an example ooding event used to demonstrate the application of our new spatial spread-skill
evaluation approach. We evaluate a 1-day ood inundation 51 ensemble member forecast from the Flood Foresight system
(Section 3.2) for the domain area against a satellite SAR-derived ood map (Section 3.3).

3.1 Brahmaputra ood, Assam India, August 2017

The origin of the Brahmaputra Rivéalsoknown asthe Yarlung Tsangpain Tibetanthe Siang/DihangRiver in Arunachali,

Luit in Assameseandthe JanunaRiver in Bangladesh) lies in the Himalayan Kailas Range of southwestern Tibet, China.

Draining an area of 543,000 Kinthe Brahmaputra ows for 2000 km across the Tibetan Plateau and a further 1000 km par-
allel to the Himalayan foothills through the Assam Valley, India before entering Bangladesh where the Brahmaputra joins the
Ganges River (Palash et al., 2020). The Brahmaputra base ow originates from the upstream glacial snow melt, however the
stream ow rates are dominated by the summer monsoon precipitation. The basin receives up to 95% of its annual rainfall
during the pre-monsoon and monsoon season, which usually runs from April to September and causes annual ooding of the
Brahmaputra. The Assam region typically records on average 2300 mm of annual rainfall and up to 5000 mm in the Himalayan
foothills (Dhar and Nandargi, 2000, 2003).

For this example case we focus on the third wave of ooding that occurred during the monsoon season in August 2017,
peaking around the 12 Figure 2 shows the location of the Brahmaputra and of a chosen domain centred upon some of the

worst ooding that occurred. This area includes a con uence zone where the Subansiri River meets the Brahmaputra. The mon-

soon ooding impacted an estimated 40 million people across India and Banglasesiiy-i

ed Locally in the Assamregion, the ood ing in Augustaffectedover3.3

million pe@le andapproximately 3200villages,river embanknentsweredamagedin 11 districts. Over 14,000pele were

evaaiatedto oneof around700relief campsthatwerealsoneededo houseover 180,000pemle relocated (Floodlist, 2017).

The local Assam State Disaster Management Authority (ASDMA, 2017) ood early warning system issued a low warning alert
(disasters that can be managed at the district level) on theAliQust for the district.

In 2017, the southwest monsoon season rainfalls were predictedniorivel by the SouthAsian ClimateOutiook Forum

(WMO, 2017). However, the pre-monsoon season began early in the year with heavy thunderstorms affecting the region from
March onwards. In the Assam region, June and July were 60% wetter than the previous three years and during August more

11



Figure 2. Left panel: domain location on the Brahmaputra River in the Assam region of India. Domain size is 57.5 km by 39.3 km. Right

panel: Sentinel-1 SAR-derived ood map for the domain of interest. Base map from ©Google Maps.

locally intense rainfall was recorded compared with historical observations (Palash et al., 2020). In higher latitude areas, 30
km to the north of the domain at North Lakhlmpur 215.8 mainfall was recorded in the three days prlor to the ood peak
(Floodllst 2017; Hossain et al., 202 i i

325

nomal ood situation is declaredin Indiawheretheriver water level exceedshe Warring Level, a severe ood occurswhere

the water level exceedshe Darger Level, andan exreme ood occurswherethe previousHighestFlood Level is exceeded

(Central Water Commission, 2023). The p@ﬂkwaterlevel recordect downstreamt Tezpur Bk DargerLeveI 65.23 m) on
August 14" was 66.12 m (Fig. 2JFherea

330

hasconrtributedto-worsenng—ooding- Thereareregionalvariationsin maxmumwater levelsreported,with uplandregionsto

thenorthof the Assamvalley recordng water levelsthatexceedthe previousHighestFlood Level indicaing anextreme ood
occurred (Floodlist, 2017).
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3.2 Ensemble ood forecasting system

The Flood Foresight system (Fig. 3), developed and operationally run by JBA Consulting, is a uvial ood inundation mapping
system that can be implemented at any river basin around the world. Flood Foresight utilises a simulation library approach to
generate real-time and forecast ood inundation and water depth maps. The simulation library approach saves valuable com-
puting time and allows the application of Flood Foresight in near continuous real-time at national and international scales.
A pre-computed library of ood maps for a river basin or country are created using JFlow®, (Bradbrook, 2006) and RFlow.
JFlow uses a raster-based approach with a detailed underlying digital terrain model (DTMsianai-@d—form diffusion
waveapproximation of the full 2D hydrodynamic shallow water ow equations. RFlow combines a 1D model based upon Nor-

mal Depth calculations, optimised for use on a Digital surface Model (DSM, NEXTmap (2016)) with rapid 2D ood spreading
(createdby spreaihg Normal Depthfrom upstreamto downstream) and is calibrated against JFlow. These equations capture

the main controls of the ood routing for shallow, topographically driven ow. Six ood maps at 30 m resolution are created
for 20, 50, 100, 200, 500 and 1500 year return period ood events (corresponding to annual exceedance probabilities (AEPS)
of 5%, 2.5%, 1%, 0.5% and 0.2% and 0.07% respectiv i i i i

creating-atotaHlibraryof 36-00d-maps. Betweeneachadacentpair of mocelledreturn period maps, ve additionalinteme-
diate ood mapsarecreatedby linearintempolation. An additional ve ood mapsarealsocreatedbeneaththe lowestreturn

period ood map.This gives,in total, a library of 36 ood maps.Notethatthe ood mapsareundefended. Flood Foresight

takes inputs of rainfall from numerical weather prediction (NWP) models, river gauge data (both historical and real-time) and
forecast stream ow and uses these to select the most appropriate ood map for the location and forecasts daily ood maps out
to ten days.

The global (non UK and Ireland) con guration of Flood Foresight uses ensemble stream ow forecast data from the Global
Flood Awareness System (GIoFAS) (Al eri et al., 2013; GloFAS, 2021). GIoFAS was jointly developed by the European
Commission and the European Centre for Medium-Range Weather Forecasts (ECMWEF) and is composed of an integrated
hydro-meteorological forecasting chain that couples state-of-the-art weather forecasts with a land surface and hydrological
model. With its continental scale set-up, GIoFAS provides downstream countries with forecasts of upstream river conditions
up to one month ahead as well as continental and global overviews for large world river basins. Meteorological forecast data
are provided by the ECMWF Ensemble (IFS) model, the operational ensemble weather forecasting product of the ECMWF.
The meteorological forecast data provide inputs to the land surface module, HTESSEL (Hydrological Tiled ECMWF Scheme
for Surface Exchange over Land). HTESSEL simulates the land surface response to the meteorological data, based on simu
lated interactions with soil conditions, idealised vegetation cover and land cover. From these simulations, HTESSEL outputs
forecast global surface and sub-surface ows per grid cell. These simulated ows are then used by a simpli ed version of
the hydrological model LISFLOOD, anedimersionallD routing model which simulates the movement of the surface and
sub-surface ows. The runoff data produced is routed through a representation of the river network using a double kinematic
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Figure 3. Flood Foresight ensemble forecast ood inundation and impact mapping work ow.

wave approachwhich includesbankull andover bankull routing. The river network used is taken from the HydroSHEDS

370 dataset (Lehner and Grill, 2013).

GloFAS outputsa gridded (approximately 10 km spdial resolution) ensenble forecastof river streamow. Eachof the Glo-
FAS grid cells arelinked to subcatchmentsin the Flood Foresight sygem. The simulation library ood mapsare sdected
whentheforecaststreamow exceedsareturn period threstold level. Eachensenble menber ood mapforecastis createdby

375 aggregaing theindividual subcatchmentmaps. In summary, the meteorologi¢e6 51 member ensemble input to the ood

forecasting chain allows atmospheric evolution uncertainties to be represented within the ensemble stream ow forecast and
the ensemble of inundation ood maps, thus creating a probabilistic ood map forecast, indicating the likelihood of ooding.
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3.3 SAR-derived ood map

A Sentinel-1 (S1A) image was acquired in interferometric wide swath mode (swath width 250 km) around the time of the

ood peak at11:4817:18(IST) on the 19 August 2017 A-pre-ood-image(Febrary 2017)from the samesatelite-sen
sorandtrackwasusedto-derive-the-cod-map (Fig. 2). The ESA Grid Processing on Demand (GPOD) HASARD service
(http://gpod.eo.esa.inthasbeenwas utilisedto mapthe ooding. The ood mapping algorithm (Chini et al., 2017) uses an

automated, statistical, hierarchical split-based approach to distinguish between two classes (background and ood) using a
pre- ood and ood imageA pre- ood image(Febrwary 2017)from the samesatelite sersorandtrackwasusedto derive the

ood map (Fig. 2).Original SAR images (V\g@rewere pre-proccesed, which involved: precise orbit correction, radiometric
calibration, thermal noise removal, terrain correction, speckle reduction and re-projection to the WGS84 coordinate system.

The HASARD mapping algorithm removes permanent water bathasare detectedon the pre- ood image, such as the

un ooded river water, lakes and reservolingapplying athrestolding approach. Flooded areas beneath vegetation, bridges and

near to buildings will not be detected using this method. Flood Foresight forecast ood maps include the river channel and
exclude surface features such as vegetation and buildings. To smooth the HASARD ood maps and allow a fairer comparison
we apply a morphological closing operation (without impacting the location of the ood extent) to ood Il vegetation and
buildings. The wide and braided Brahmaputra River in the Assam region covers a signi cant area of the selected domain.
So that the ood prediction accuracy alone can be evaluated, the pre- ood occurrence of surface water using the JRC Global
Surface Water database (Pekel et al., 2016) has been removed from the Flood Foresight forecast inundation maps. The observe
ood extent derived from satellite based SAR data at 20 m grid size is re-scaled to match the forecast ood map grid size (30
m) usingsplineintempdation averageaggregaion. The closestavailable (cloud free) opticalimageavailablewasa Sertinel-2

imageon the 17" August2017,5 daysafter the SAR imageaaquisition. During this time the ood watershadrecededfrom

their peak which makesghis unsuitablefor compaiisonwith the SAR-derived ood map.Sinceno othervalidaion sourcesare

available,for the pumposesof this studywe assumethatthe SAR-derived obsewation of ooding representsthetrue ooding
extent. FromOctober2021,Sertinel-1 SAR imagesareprocessedy CEMSGFM (GFM, 2021)to derive ood ing extentand
provide an uncettainty edimateof the grid cell classi cation. This meansuncettainty information in the SAR-derived ood

mapcouldbeaacountedfor in future evaliation studes.

3.4 Forecast data

Flood Foresightwassetup for the Brahmautra basinin IndiaandBangladeshusng the simulation library approachto ood

mayping describedin Sedion 3.2. TheFloedForesight forecast data for the Brahmaputra ood event contains a 51 member

ensemble of ood maps indicating ooding extent, produced at a 1-day lead time. Vertically stacking each individual ensemble
member ood map and adding vertically across every grid cell combines all ensemble members into a single ood map (all
ooded grid cells are set to 1) showing where ooding is possible across all membéesg (). A spatial median ood map

is created €nsmegian ) Where 26 members or more predict ooding at a particular grid cell location. Each of the ensemble
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410 member ood maps for the domain (Fig. 2) are plotted in Figure 4 along @ity , €NSpegian  and the SAR-derived ood

map.
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Figure 5 shows the amalgamated probabilistic ensemble forecast indicating the probability of ooding at each grid cell
location. This was produced by vertically stacking each ensemble member ood map and adding vertically the number of
ooded cells at each grid cell location across all ensemble members. The total is divided by 51 to calculate the probability.

415 Dark blue colours near to the central river channel indicate agreement between all ensemble members and 100% forecas
probability of ooding, lighter colours to the north of the river indicate a low probability of ooding.

Figure 5. Brahmaputra River, Assamregion, August2017. Colour shading from white (low) to dark blue (high) indicate the forecast prob-

ability of ooding based on a 1-day lead time, 51 ensemble member ood map forecast for the Brahmaputra River in the Assam region,

August 2017Darkgreyareasareun-ooded: (Note mapbackgroundis grey.)

4 Results and discussion

To demonstrate an application of our new spatial scale approach to both ensemble forecast ood map evaluation of forecast
skill and the spatial spread-skill relationship, we apply the methods outlined in Section 2 to the ooding case described in Sec-
420 tion 3.1. First, in Section 4.1 we verify the full ensemble using a spatial scale approach to calculate a skilful scale of agreement
between each ensemble member and the SAR-derived ood map (Fig. 2) along with the combined eresesypjead the
ensemble spatial mediaar(smegian )- We evaluate the location speci ¢ spatial skill of the ensemble by calculating categorical

scale maps (Section 4.2) fensy , eNsnegian  @nd a best and worst case ensemble menmietesminedby the skilful scale
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cakculatedin Sedion 4.1. In Section 4.3 we evaluate the spatial predictability of the full ensemble and show this on our new

Spatial Spread-Skill (SS8)ap, indicating regions where the ensemble is over-, under- or well-spread.

4.1 Ensemble spatial scale evaluation

Here we investigate how a scale-selective approach can be useful for extracting meaningful information from a ood map
ensemble forecast where multiple forecast ood maps represent equally likely ooding scenarios (Fig. 4). A minimum skilful
scale (wheré-SS > F SSt) has been calculated for each individual member ood negysy; andenSmegian - The results in

Figure 6 show that individual ensemble member spatial skill varies considerably with FSS at grid level ranging from 0.35 to
0.59. One membegns;, which would usually be disregarded as an outlier due to its low probability, outperformed all other
members signi cantly with a skilful scale achieved at a neighbourhood sine=8 . The combineatns,; showed more skill

at grid level i =1) and smaller neighbourhood sizes compared WitBmegian , both however exceedddSSr atn =41,

or 600 m. At neighbourhood sizes greater tlmen 41, ensnegian  OUtperformedens, . Ar-averageagreenentdiscremney

-ood-width-exceeddensof-kilomeers. There is a cluster of members showing similar skifiismegian andensy, and a sec-
ond cluster, with more ensemble variation but indicating lower skill than the rst clUBt@eNnsyedian andensy; 0od maps
outperform the se@nd cluger, howeverthereareindividual memberswith a higherspdial skill scoreconparedto ensmegian

andens, . These results show that all ensemble member ood maps, including outliers, should be considered individually
as possible future ooding scenarios. Spatial variations across individual ensemble méseaéiig. 4 ens; conparedto
€NSmedian ) INdicate that it is not meaningful to consider only the ensemble median ood map to represent the information
within the full ensemble.

4.2 Ensemble spatial predictability

The scale-selective skill scores calculated for different aspects of the ensemble forecast give a domain-averaged score an
skilful scale. To understand location speci c spatial predictability of the ensemble forecast, categorical scale maps are cal-
culated and presented in Figure 7. These show how the agreement scale (Section 2.2) varies with locatienggr, (@)

€NSmedian » (C) €nsy, the “best' performing ensemble member andgidy,;, the “worst' performing ensemble member. The
ensemble summary mapnsy (Fig. 7 (a)) captures most of the observed ooding (in grey) with small regions of under-
prediction (red). However, as you might expect to see by including every potential ooding realisation there are signi cant
regions of over-prediction (blue) or false alarm. The region of over-prediction to the south of the river is less evident in the
eNsmedian  Categorical scale map (Fig. 7 (b)) which performs worse to the north by under-predicting ooding here. This ood-
ing is captured well byens; (Fig. 7 (c)) and in particular close to a con uence zone where the Subansiri River joins the
Brahmaputra (grid cell location (1100, 250)). This ties in with the high rainfall totals accumulated just to the north of this
region associated with localised very heavy rainfall (Floodlist, 2017). A region of under-prediction at grid cell location (750,
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Figure 6. The spatial skill of each individual ensemble member forecast ood extent is evaluated along veitisthg.n (@ spatial median

where 26 or more members predict ooding at a grid cell location)emsl; ( ooded grid cells from all ensemble members are combined).

The FSSis calculated at increasing neighbourhood sizes to determine the scale at which the forecast becomes skilful at capturing the observe
ood (FSSt).

750) is missed by all members. A closer inspection of the DTM or surface features included/excluded in the hydraulic mod-
elling, such as embankment heights, may indicate how this modelling could be improved. The “worst' performing ensemble
memberens;; (Fig. 7 (d)) accurately predicts ooding closer to the river channel, however under-prediction to the north along
with over-prediction to the south show where the forecast was inaccurate. Categorical scale maps enable different ensemble
ood map presentations to be evaluated so that the most useful presentation method can be determined for a particular ooding

situation.
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Figure 7. Brahmautra River, Assamregion, August2017. Categorical scale maps for @)sar (ooded grid cells from all ensemble

members are combined), (BhSmedian (2 Spatial median where 26 or more members predict ooding at a grid cell location), (c) individual
ensemble member 1 and (d) individual ensemble member 21. Red areas indicate where the forecast is under-predicted and blue region
represent over-prediction. The colour shade gives the scale of agreement between the forecast and the observed ooding with lighter shading

indicating a smaller agreement scdfer geaeferendng seeFigure 5, each grid cell is 30 m x 30 m.

4.3 Ensemble spatial spread-skill

To evaluate the location speci ¢ skill of the full ensemble, one option would be to calculate 51 categorical scafeomaps
eachindividual menber ood map(Fig. 4). This approach maintains the spatial detail held within each of the ensemble mem-
ber ood maps, although does require multiple visual comparisons to be made by the ood forecaster or modeller, which takes
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time and effortMaking compatisonsacrosshe differentersenble menber ood mapsin Figure 4providesa demorstraion

of theseforecasing dif culties.Further, the categorical scale maps do not evaluate the ensemble spatial spread. To address this,

we presenta-hew developa summary ensemble Spatial Spread-Skill (SSS) map (Fig. 9) showing the spread-skill of the full
ensemble forecast and keeping the location speci c detail. All ensemble members are included in this analysis which evaluates
both the spatial skill and the ensemble spatial spread of the forecast against the remotely observed ooding extent.

Figure 8 shows how the average-ensemble/ensemble-agreement scaleirsf&jw) calculated at each grid cell (repre-
senting ensemblgpread compares with the average ensemble/observed scalei'u@{ﬁaA (mo) (representing ensembdéill)
along with the hexbin scatter plot in (c) which compares (a) and (b) to indicate the spatial spread-skill of the forecast. The
hexagonal tessellation is used so that the distances alomgthén diagonal are on the same scale as those alordthissa

anhderdinatex andy-axis. For a peifect ersenble forecastthe averageagreenentscalebeweenensenble menbersshould

matchthe agreenentscalebetweenthe ersenble forecastand observed ood map,i.e. they shouldalign alongthe 1:1 line.

The SSSmap plots the differencebetweenthe ersenble/ensembleand the ensenble/observedhverageagreenent scalesat

eachgrid cell (Fig. 9)andindicateswherethe spaial spreadskill is over, under, or well-spread. Three numbered areas (Fig

8(a)) identifythree different ensemble spread-skill relationships. Area 1 shows that the agreement between ensemble member:
is close, but that they disagree with the observed ooding extent. This is displayed in orange shades as an under-spread or mis:
region on the SSS map, Figure 9. This is the region close to the con uence area described in SedRecadl.thatin this

region, mostersenble membersdid not predict the ood ing thatoccurredwith theexception of oneersenble menber Ens; ).

In area 2 on Figure 8, both (a) and (b) are in agreement at grid level, which indicates the ensemble is well-spread; these are
shown in white on Figure 9. Away from the miss and well-spread regions in Figure 8, the awsuall impression is that the
ensemble spread-skill lies below the 1:1 line and is over-spread, indicated by area 3. This corresponds to purple shading or
the SSS map (Fig. 9). Overall Figure 8 tells us that the spread-skill relationship for this example case study is not uniform
across the domain but is in fact location specilhe map-displayswherethe spdial-spreadskill-is-over—unhder—o
well-spreadUsing the spaial spreadskill relationship shownon the ersenble SSSmapFremthis we can infer how well the
ensemble forecasting system encompasses the multiple sources of uncertainty and how meanprghebilistic ensemble
predictability forecast of ood inundation actually is. This isimpertantusdul evaluation tool forall-catchmentsandbecomes
essedial-for validating ood forecasts in un-gauged or partially gauged rivers. A simulation library apprieethe Flood

Foresightmapsusedhere, relies on the accuracy of the return period thresholds set, the (ensemble) forecast stream ow and the

accuracy of the ood inundation map for a given stream ow. Theecastevalation approaches presented here enable these

system attributes to be evaluated even where observed stream ow is limited or erroffs@8SSmapsunmariseshewhole

ensenble, which makest usdul for forecasersattemping to corvey unceitainty information to decisionmalers,highlighting

regionswherethereis high/low con dencen theforecast.
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ersenbleis-corsideredwell-spread Brahmautra River, Assamregion, August2017.(a) The averageagreenentscalemapof eachunique

pair of forecastersenble ood mapsand(b) beweeneachersenble menberconmparedagainsthe observedSAR-derived ood map.(c) A
binnedhistogramscater plot conpares(a) and(b) to indicatethe spaial spreadskill of the forecastersenble. Areaslabelled(1, 2 and?3)
arediscussedn Sedion 4.3.For geaeferendng of (a) and(b) seeFigure 5.Note PWB meangemanentwater bodes.
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