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Abstract

Practical flood-risk assessment requires methods that represent both baseline flooding and
amplification from levees, berms, road embankments, and other discontinuities controlling
floodplain connectivity. This study presents FARHAD, a cloud-native machine-learning
workflow for weakline-aware flood-risk mapping, demonstrated in two Iranian basins:
Aqgala and Poldokhtar. Open geospatial and Earth-observation data were processed in
Google Earth Engine to derive terrain, hydrological, hydrographic, land-surface, exposure,
and vulnerability predictors. An Extreme Gradient Boosting (XGBoost) depth surrogate
was trained against GLOFAS-derived design-event targets to produce 30 m depth rasters
for 30-, 100-, 300-, and 1000-year average recurrence intervals. Pixel-wise cross-valida-
tion showed high internal agreement, while spatial-block cross-validation indicated more
conservative transferability, supporting interpretation as screening-level products rather
than independently validated hydraulic simulations. Hazard intensity was characterised
using depth and a derived Depth x Velocity proxy, then classified using the Swiss FOEN
danger concept and the Australian Disaster Resilience Handbook 7. Hazard layers were
combined with gridded population, building footprints, and a composite vulnerability in-
dex using Risk=Hazard x Exposure x Vulnerability to generate continuous and classified
risk maps. Weaklines were delineated from machine-learning-derived flood extents and
terrain context, and closure configurations were ranked using a depth-weighted exposure
index. Results show that weakline effects differ by basin morphology. Dense weakline
clusters in mountainous Poldokhtar produced corridor-bound increases in upper hazard
and risk tiers, whereas selected closures in low-gradient Aqqala generated localised esca-
lation near the urban fringe with limited basin-wide footprint change. FARHAD therefore
provides a reproducible screening framework for comparing Baseline and conservative
weakline-closure risk patterns in data-scarce catchments.
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1 Introduction

Flooding remains one of the most damaging natural hazards worldwide, causing loss of life,
infrastructure disruption, and major economic impacts (Jonkman 2005). In Iran, repeated
flood disasters have affected rural and urban communities, highlighting the need for practi-
cal methods that move beyond inundation mapping and identify where flood consequences
may concentrate (Rostami et al. 2023; Sharifi and Bokaie 2019). Flood risk emerges when
hazard intensity and probability intersect with exposed people, assets, and vulnerability
(Merz et al. 2010).

Machine-learning (ML) methods are increasingly used as efficient surrogates for esti-
mating flood depth and extent from terrain, hydroclimatic, and land-surface predictors
(Bentivoglio et al. 2022; Mosavi et al. 2018). Recent studies have combined machine learn-
ing, geospatial analysis, satellite data, and explainable Al for flood hazard, vulnerability,
and risk assessment (Li et al. 2025; Mahmoudnia and Karami 2026; Mishra et al. 2026).
Extreme Gradient Boosting (XGBoost) is particularly attractive because it combines strong
predictive skill with low computational cost (Chen and Guestrin 2016; Nguyen et al. 2024).
However, two limitations remain important. First, many ML-based studies stop at hazard
prediction and do not propagate hazard into integrated hazard—exposure—vulnerability
(HEV) risk assessment (De Moel et al. 2015). Second, weaklines, including levees, berms,
road embankments, and other lateral discontinuities controlling floodplain connectivity, are
rarely embedded in quantitative risk mapping (Neal et al. 2015; van Ree et al. 2011; Zhang
and Takahashi 2022).

This study introduces FARHAD, an automated flood-risk assessment framework for
data-scarce basins. The workflow combines open geospatial and Earth-observation data, an
XGBoost flood-depth surrogate, weakline-based closure scenarios, and policy-based risk
classification. Flood-depth fields are generated for multiple average recurrence intervals
(ARIs) under two scenario modes: a Baseline mode and a conservative weakline-closure
envelope. These weakline scenarios are not interpreted as the most likely flood realisations;
instead, they represent conservative Worst-Case configurations for identifying locations
where structural or geomorphic controls may amplify consequences.

The framework translates flood depth and derived Depth x Velocity (D x V) fields into
hazard classes using the Swiss Federal Office for the Environment (FOEN) danger concept
and the Australian Disaster Resilience Handbook 7 (ADR7). FOEN emphasises design-
event probability and physical intensity (FOCP, 2014; Zimmerman et al. 2005), whereas
ADR?7 gives stronger emphasis to D x V-based severity and consequence-oriented flood-
risk management (AIDR, 2017b; DPE, 2023). Applying both systems to the same hazard,
exposure, and vulnerability inputs allows mapped risk patterns to be separated from policy-
driven classification differences.

Flood risk is represented as R=H x E x V (Crichton 1999; Kron 2005), where hazard
(H), exposure (E), and vulnerability (V) are co-registered on a 30 m grid. The resulting risk
classes are based on within-basin quantiles and should therefore be interpreted as relative
risk tiers, not absolute monetary loss classes or directly transferable thresholds.

The novelty of FARHAD is not the use of XGBoost alone, but the integration of four
elements in one reproducible workflow: open-data flood-depth surrogates, weakline-based
conservative closure scenarios, a common HEV risk field, and parallel FOEN-ADR?7 classi-
fication. The framework is demonstrated in Aqqala in the Caspian lowlands and Poldokhtar
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in the Zagros foothills, representing low-gradient floodplain and confined-valley settings.
FARHAD is intended as a transparent screening and decision-support workflow for flood-
plain planning and infrastructure prioritisation in settings where local hydraulic models,
observed water levels, and authoritative flood maps are limited or unavailable.

2 Study Areas and Data
2.1 Study Basins

This study examines two contrasting Iranian basins affected by major flooding in 2019:
Aqqala in Golestan Province and Poldokhtar in Lorestan Province. They were selected to
test FARHAD across a low-gradient Caspian floodplain and a confined Zagros mountain-
valley system. Basin locations and regions of interest (ROIs) used for raster alignment and
masking are shown in Figure S1. The 2019 flood information is used only to describe basin
context; observed flood depths, surveyed water levels, and official event-reconstruction
maps were unavailable for validation.

Aqqala lies within the Gorganrud River catchment in northeastern Iran, draining toward
the southeastern Caspian Sea lowlands. It is a low-relief floodplain with extensive agricul-
tural land, wetlands, and clustered rural settlements. During the March 2019 event, intense
multi-day rainfall produced widespread ponding, local levee or berm failures (Alborzi et
al. 2022; Banizaman 2021), and major village and housing impacts (Tourani and Caglayan
2021). This setting tests whether weakline closure can amplify flood risk in flat, slow-drain-
ing terrain where storage, drainage restriction, and lateral-control features influence inunda-
tion persistence.

Poldokhtar is located in the Zagros Mountains of western Iran, where settlements and
transport infrastructure are concentrated along narrow river corridors. The basin drains
through the Kashkan—Karkheh river system toward the southwestern lowlands and the Per-
sian Gulf drainage basin. The March—April 2019 flood was associated with intense rainfall,
very high reported discharges (Miri et al. 2023; Parsian et al. 2021), damaged bridges and
roads, and major disruption to highway and railway links (UNDP, 2019). In this confined
valley setting, weakline behaviour is expected mainly through abrupt conveyance changes
near embankments, bridge approaches, road margins, and levee segments rather than broad
floodplain spreading.

Together, the two basins allow FARHAD to be tested across two contrasting weakline
settings: storage-dominated amplification in Aqqala and corridor-confined amplification in
Poldokhtar.

2.2 Hazard Predictors and Depth Targets

The hazard component was developed from open-access predictor and target rasters used to
train and apply the flood-depth surrogate. All datasets were pre-processed in Google Earth
Engine (GEE) and Python 3.12, clipped to the basin ROIs, and harmonised to a common
30 m grid. This created a consistent analysis grid but did not add independent hydraulic
information beyond the source products. Full details of input rasters, sources, transforma-
tions, and resampling procedures are provided in Table S1.
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Predictors were grouped into four domains representing the main physical controls on
inundation: terrain morphometry, hydrographic proximity and density, land cover and soils,
and dynamic hydrologic forcing. Terrain predictors were derived mainly from the SRT-
MGLI1 v3 DEM and included filled elevation (Barnes et al. 2014), slope, plan curvature
(Evans 2019; Florinsky 1998), TRASP (Wilson and Gallant 2000), flow accumulation, TWI
(Beven and Kirkby 1979; Quinn et al. 1991), and HAND (Quintero et al. 2022). Because
SRTM is a surface model rather than a bare-earth LiDAR DEM, residual vegetation and
built-structure artefacts may remain, particularly in steep or urbanised areas. Hydrological
conditioning reduced local pits and flats but could not fully remove these artefacts.

Hydrographic and infrastructure predictors were derived from OpenStreetMap river and
road data, including distance to river, river-network density, and distance to major roads
(Borgefors 1986). Distance layers were calculated in projected coordinate systems before
final raster alignment for consistency. Land-cover and soil predictors included ESA World-
Cover-derived Manning’s n, Sentinel-2 NDVI, and Hydrologic Soil Group classes (Arce-
ment and Schneider 1989; Chow 1988; Huete et al. 2002; NRCS, 2009). Manning’s n was
later combined with predicted depth and local slope to estimate a pixel-scale velocity proxy
for Depth x Velocity (D x V) classification; the resulting velocity estimates are screening
proxies, not observed or hydraulically calibrated flow velocities. Dynamic forcing was rep-
resented by CHIRPS-derived SPI-3 and mean annual rainfall (Funk et al. 2015; McKee et
al. 1993).

Flood-depth targets were derived from Copernicus/JRC GLOFAS Flood Hazard v2.1
return-period maps (Dottori et al. 2016, 2022). Native 10-500-year products were used to
generate 30-, 100-, 300-, and 1000-year depth fields using pixel-wise Gumbel interpola-
tion/extrapolation (Coles et al. 2001; Johnson et al. 1993). The GLOFAS-derived fields
were resampled and aligned to the 30 m analysis grid for consistency with the predictor
stack. Accordingly, the XGBoost model is interpreted as spatially redistributing an open-
data design-event hazard signal using physiographic predictors, not as producing locally
calibrated hydraulic truth. The 1000-year layer is an extrapolated tail estimate beyond the
native 500-year product and is treated as more uncertain than lower return periods.

2.3 Risk Component Data

The flood-risk analysis integrates three co-registered components: hazard (H), exposure (E),
and vulnerability (V). All layers were prepared on the same 30 m grid and later combined
using the multiplicative risk formulation. Operational inputs, scaling rules, and weights are
summarised in Table S2.

The hazard component (H) consists of the XGBoost-predicted flood-depth rasters for the
30-, 100-, 300-, and 1000-year ARIs. Pixel-scale velocity proxies were derived from pre-
dicted depth, local slope, and Manning’s n to calculate Depth x Velocity (D x V) intensities
for FOEN and ADR?7 classification. The resulting velocity estimates are screening proxies,
not measured or hydraulically calibrated velocities.

The exposure component (E) represents people and built assets potentially affected by
inundation. Population counts were obtained from WorldPop and converted to persons per
30 m cell (Stevens et al. 2015). Building footprints were obtained from OpenStreetMap
(OSM) and rasterised as a binary structural-presence layer. Because OSM building com-
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pleteness may vary between urban centres and smaller settlements, building exposure is
treated as a relative proxy rather than a complete asset inventory.

The vulnerability component (V) represents relative socio-physical susceptibility. It
combines VIIRS night-time lights (Elvidge et al. 2013, 2017), built-up intensity (Pesaresi
et al. 2013), population density (Stevens et al. 2015), slope, distance to rivers, distance to
roads, and building density. Because several indicators partly represent urban intensity, V
is treated as a relative screening index rather than a locally calibrated vulnerability model.

All H, E, and V rasters were masked to the basin ROISs, aligned cell-by-cell, and handled
consistently for missing values. Hazard varied by ARI, scenario mode, and classification
framework, whereas exposure and vulnerability were held fixed to isolate weakline-closure
and classification effects.

3 Methods

FARHAD generates pixel-wise flood-risk maps by combining XGBoost-derived design-
event flood depths, weakline-based conservative closure scenarios, exposure and vulner-
ability indices, and FOEN/ADR?7 policy classification. Continuous risk is represented as
R=H x E x V, and categorical risk is derived using quantile-based consequence banding.
The workflow supports screening and prioritisation in data-scarce basins and does not
replace calibrated hydraulic modelling or independent event reconstruction.

The workflow has six stages (Figure S2). First, open-access geospatial datasets are pre-
processed into a harmonised 30 m predictor stack. Second, an XGBoost surrogate predicts
30-, 100-, 300-, and 1000-year design-event depths from GLOFAS-derived targets; these
outputs are interpreted as open-data hazard surrogates rather than observed or locally cali-
brated flood-depth fields. Third, candidate weaklines are identified from the near-channel
flood boundary and terrain context, and closure scenarios are routed to generate conserva-
tive per-ARI hazard envelopes. The 25-year flood extent is used only as an intermediate
weakline-screening boundary, not for model training, hazard classification, or risk scoring.
Fourth, depth and Depth x Velocity (D x V) fields are classified using FOEN and ADR7
rules. Fifth, hazard, exposure, and vulnerability are combined to produce continuous and
categorical risk maps. Finally, diagnostic checks assess model performance, weakline-
induced risk migration, velocity-proxy uncertainty, classification sensitivity, and quantile-
based robustness. These diagnostics evaluate internal consistency and sensitivity rather than
independent event validation. Weakline scenarios are interpreted as conservative screening
envelopes, not most-likely flood realisations or probability-weighted failure scenarios.

3.1 Hazard Modelling and Scenario Modes

Flood-depth fields were generated using an Extreme Gradient Boosting (XGBoost) sur-
rogate trained against GLOFAS/LISFLOOD-derived design-event depth targets. XGBoost
was selected because ensemble-boosted trees provide high predictive skill and computa-
tional efficiency in flood-inundation modelling (Bentivoglio et al. 2022; Chen and Guestrin
2016). Using the predictor stack and target rasters described in Sect. 2.2 and Table S1, the
model predicted inundation depth for the 30-, 100-, 300-, and 1000-year ARIs.
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Model performance was assessed using pixel-wise and spatial-block five-fold cross-val-
idation (CV) against the GLOFAS-derived target depths. Spatial blocks reduced the influ-
ence of spatial autocorrelation and provided a more conservative transferability test. These
statistics represent internal surrogate fidelity, not independent event validation. CV results
are reported in Table S3.

Each trained model produced per-ARI depth rasters on the hydrologically conditioned
30 m grid. After prediction, depth rasters were checked for return-period monotonicity, so
that D3y<D 4y < D3y < Dy at each valid pixel. Minor violations were corrected using
a cumulative maximum rule across increasing ARIs before hazard classification. A first-
flood rule was then used to link depth fields to likelihood: for each pixel, the earliest ARI at
which inundation occurs supplied the probability coordinate used in the FOEN and ADR7
matrices.

Hazard classes were assigned independently under FOEN and ADR?7. In the FOEN dan-
ger concept, water depth and D x V intensity define Low, Medium, and Significant hazard
bands, with a Residual category associated with the 1000-year extent (FOCP, 2014; Zim-
merman et al. 2005). ADR7 classifies hazards using D x V bands with maximum depth and
velocity caps, producing H1-H6 categories from Low to Extreme (AIDR, 2017b; DPE,
2023). Velocity was estimated from predicted depth, local slope, and Manning’s n; there-
fore, D x V-based classes are interpreted as screening classifications rather than calibrated
hydraulic velocity products.

Two scenario modes were evaluated. The Baseline mode uses XGBoost-predicted depths
without weakline closure. The Worst-Case mode routes single-weakline, cumulative, and
selected combined closure configurations for each ARI. Candidate weaklines were derived
from the boundary of the 25-year machine-learning-derived flood extent, generated from
the same Gumbel-fitted depth family, and intersected with the deeper per-ARI flood extents.
The 25-year boundary was used as a near-channel floodplain proxy below the first mapped
design event and is consistent with Iranian river-management practice, where the 25-year
flood helps define the regulatory riverbed boundary (Khatooni et al. 2023; Panahi et al.
2024).

For each closure scenario, a depth-weighted exposure index was calculated as the sum of
depth multiplied by exposure over pixels deeper than 2.0 m. The scenario with the largest
value was retained as the conservative Worst-Case scenario for that ARI. The Worst-Case
mode therefore produces one selected, spatially coherent closure scenario per ARI rather
than a pixel-wise maximum across all scenarios. These maps should be read as conservative
screening envelopes, not forecasts of the most probable closure configuration.

3.2 Exposure and Vulnerability Indices

Exposure (E) represents the spatial concentration of people and built assets potentially
affected by inundation. WorldPop population counts and rasterised OpenStreetMap (OSM)
building footprints were aligned to the 30 m grid, masked to each basin ROI, and normalised
to [0, 1]. The exposure index was computed as:

E = 0.60 (Population) + 0.40 (Buildings) )
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where population and building layers are scaled within each basin. The index was held
constant across hazard frameworks and scenario modes, so that differences in risk outputs
reflect hazard classification and weakline scenario logic rather than changes in exposure.
Exposure counts for depths>2.0 m were calculated from the native population and build-
ing rasters and did not affect the normalised E surface (Stevens et al. 2015). Because OSM
building footprints may be incomplete, especially in smaller settlements, the building com-
ponent is treated as a relative structural-exposure proxy, not a complete asset inventory.

Vulnerability (V) represents relative socio-physical susceptibility. Seven indicators were
used: inverted VIIRS-DNB night-time lights (Elvidge et al. 2013, 2017), built-up intensity
from GHSL/WorldCover (Pesaresi et al. 2013), WorldPop population density (Stevens et
al. 2015), inverted slope, inverted distance to river, inverted distance to roads, and building
density. Indicators were scaled to [0, 1] using robust 2nd—98th percentile limits within each
basin, with inversions applied where lower raw values indicate greater vulnerability. The
composite index was calculated as:

V = 0.25(L)" + 0.20(B) + 0.25(P) + 0.10(8)* + 0.10(Dyiver)* + 0.05(Dyoaa)* + 0.05(Ba)  (2)

where L is night-time lights, B is built-up intensity, P is population density, S is slope, D ;.
is distance to river, D,,q is distance to road, By is building density, and | denotes inversion
after scaling. The weights sum to 1.00 and were adopted as literature-informed screening
weights, not locally calibrated vulnerability coefficients (Sharifi and Bokaie 2019; Sherpa
and Shirzaei 2022). Because local Iranian depth—damage, post-event loss, or vulnerability-
calibration datasets were unavailable, V is interpreted as a relative susceptibility surface, not
a parcel-scale vulnerability model or empirical damage function.

3.3 Risk Formulation and Policy Frameworks

The continuous flood-risk surface (R) was calculated as:

R=Hx E x V 3)

where H is the framework-specific hazard intensity score derived from the XGBoost depth
and D x V stacks, and E and V are the exposure and vulnerability indices. The multiplica-
tive form was used because high risk emerges where hazard, exposed receptors, and vul-
nerability co-occur; if any component is low, the composite risk is reduced. R is therefore
interpreted as a relative composite risk index, not an expected annual damage or monetary
loss model.

The continuous R field was converted into consequence bands using quantile thresholds
calculated within each basin and scenario mode. The FOEN-consistent matrix used four
consequence bands based on the 25th, 50th, and 75th percentiles, while the ADR7 matrix
used five bands based on the 20th, 40th, 60th, and 80th percentiles. The final outputs are risk
classes, not consequence classes: Low to Very High for FOEN and Very Low to Extreme for
ADR?7. These quantile-derived classes are relative within-basin tiers and do not represent
absolute monetary loss, direct damage severity, or transferable risk thresholds.

For each pixel, R was assigned to a quantile-based consequence band, the first-flood ARI
supplied the probability or likelihood column, and the final risk class was retrieved from the
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FOEN-consistent or ADR7 matrix. Because the same E, V, and quantile logic were used for
both frameworks, FOEN-ADR7 differences reflect hazard-classification rules and matrix
structure rather than alternative exposure or vulnerability inputs.

The FOEN-consistent matrix uses design return period as the probability axis and fol-
lows a monotonic probability—consequence logic in which high consequences remain
high risk even for rarer design events (Bara 2010; FOCP, 2014). The ADR7 matrix uses
equivalent ARI-based likelihood columns and five consequence bands, producing Very
Low to Extreme risk classes consistent with ADR Handbook 7 (AIDR, 2017a). The matrix
structures are shown in Figure S3. Both matrices are used as policy-translation devices for
comparative screening, so FOEN—ADR?7 differences are interpreted as policy-driven clas-
sification differences rather than empirical damage estimates or statutory classifications.

3.4 Diagnostics and Reproducibility

Diagnostic analyses assessed sensitivity to quantile thresholds, HEV perturbations, weak-
line scenario selection, classification rules, and Baseline—Worst-Case risk migration. Quan-
tile sensitivity was tested using fixed- and own-banding approaches, while HEV stability
was assessed using a+5% jitter test applied to the Worst-Case risk field. Scenario differ-
ences were summarised using AR=R(W)—R(B) maps, where R(W) is the Worst-Case risk
surface and R(B) is the Baseline risk surface, together with band-shift rasters and exposure
changes above the 2.0 m depth threshold.

Reproducibility was supported by consistent NoData handling, projected-coordinate cal-
culations for distance, area, and density operations, fixed random seeds where supported,
and output provenance files. Key adjustable settings, including weights, component-size
limits, quantile thresholds, and weakline selection rules, were stored with the outputs.

4 Results

This section presents the main FARHAD outputs for weakline closure, hazard patterns, and
risk products under the Baseline and Worst-Case scenario modes and both FOEN and ADR7
frameworks.

4.1 Weakline Inventories and Closure Selection

Composite weakline segments were delineated for Aqqala and Poldokhtar to identify can-
didate lateral-control features along floodplain margins and river corridors (Figure S4). In
Poldokhtar, weaklines form a dense, branching network along both sides of the confined
floodplain, with several segments extending toward developed areas. This reflects the valley
morphology, where roads, embankments, bridge approaches, and abrupt floodplain edges
can influence lateral connectivity. In Aqqala, weaklines are less branched and more concen-
trated along the eastern and southern floodplain margins. This simpler pattern is consistent
with the low-gradient terrain, where floodplain spreading is broader but distinct lateral-con-
trol points are more localised. Across both basins, weaklines generally align with the outer
boundary of the modelled inundation footprint, indicating potential controls on floodplain
expansion rather than confirmed breach locations.
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Worst-Case weakline closures were identified for each ARI using the depth-weighted
exposure index defined in Sect. 3.1. For each ARI, the closure configuration maximising
this index was retained as the conservative Worst-Case scenario. Detailed exposure counts,
selected closure sets, and exposure-weighted index values are reported in Table S4, while
spatial closure maps are shown in Figures S5 and S6.

Selected closures generally increased depth-weighted exposure relative to the Baseline
condition, although responses varied by basin and ARI. In Poldokhtar, closures mainly
affected occupied river-corridor areas. Population exposed to depths>2.0 m ranged from
approximately 15,166 people under the 30-year Worst-Case scenario to 22,631 people under
the 1000-year scenario. The largest exposure-weighted increase occurred for the 100-year
scenario, rising from 116,972 to 184,998, indicating sensitivity to cumulative weakline clo-
sure in the confined valley. At higher ARIs, exposed population can decrease locally where
closures confine the flood footprint, even when the exposure-weighted index increases
because deeper water is concentrated in exposed areas.

In Aqqala, population exposure was lower under the Baseline condition but showed
clearer increases under selected closures. Population exposed to depths>2.0 m increased
from 837 to 3,072 under the 30-year scenario and from 6,423 to 11,982 under the 1000-year
scenario. This suggests that limited weakline closures can alter ponding patterns in low-
gradient terrain.

4.2 Flood-Hazard Patterns

Per-ARI hazard maps were generated from the XGBoost depth fields and classified under
FOEN and ADR?7. Figure S7 compares the Baseline and Worst-Case hazard products, while
Table S5 summarises selected hazard-class area shares. Weakline closures mainly inten-
sified hazards along floodplain margins and near hydraulic constrictions where modelled
ponding developed upstream of road and levee segments.

Under FOEN, both depth-based and D x V-based hazard composites were evaluated.
In Poldokhtar, the D x V composite produced a slightly larger Significant-hazard footprint
than the depth-only composite (3,628 vs. 3,509 pixels). In Aqqala, the contrast was stron-
ger (2,161 vs. 191 pixels). The D x V-based composites were therefore retained for FOEN
reporting, indicating that the velocity-proxy intensity term affects the mapped upper hazard
footprint, especially in low-gradient floodplain areas.

In Poldokhtar, ADR7 delineates extensive HS—H6 belts along the valley margins and
main river corridor, reflecting high D x V-based intensity in the confined valley setting.
FOEN identifies similar areas mainly as Significant hazard, with Residual patches near the
outer design-event extent. Weakline closures expand selected high-tier belts and infill pock-
ets within the inner floodplain. Under ADR7, H4-H6 area increases from 30.3% in the
Baseline scenario to 32.9% in the Worst-Case scenario. Under FOEN, Significant+ Residual
area increases more modestly, from 26.0% to 26.4%.

In Aqqala, hazard is more broadly distributed across H2-H4 under ADR7 and Medium
hazard under FOEN, with high-tier zones concentrated along the right bank and local berms
that influence flow exchange with the town. Weakline closures produce localised intensifica-
tion near the eastern and southern margins rather than basin-wide expansion. Under ADR7,
H4-H6 area changes only slightly, from 19.2% to 19.3%. FOEN Significant+ Residual area
changes from 9.4% to 9.1%, indicating that selected weakline closures mainly redistribute
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or deepen water within existing inundation areas rather than expanding the high-hazard
footprint.

Overall, ADR7 is more responsive to D x V-based intensity changes, especially in con-
fined corridors such as Poldokhtar, whereas FOEN produces smaller areal changes around
closure-affected margins. Because exposure and vulnerability are held constant, these haz-
ard-classification differences propagate into the risk results.

4.3 Flood-Risk Patterns

Flood-risk maps were derived using the HEV formulation. For each ARI and scenario mode,
a continuous, unitless risk field R=H x E x V was computed on the 30 m grid, combining
hazard intensity with the exposure and vulnerability indices. Nodata pixels were excluded.

The vulnerability index showed two contrasting patterns: corridor-bound vulnerability
in Poldokhtar along the narrow valley floor and river-parallel urban corridor, and broader
floodplain vulnerability in Aqqala, where medium-to-high values extended across the town
and right-bank settlement areas. These fixed exposure and vulnerability patterns conditioned
how Baseline and Worst-Case hazard differences propagated into the risk outputs. Detailed
vulnerability surfaces and histograms are provided in Figures S8 and S9.

The continuous risk fields were converted to categorical risk classes using the quantile-
banding scheme and first-flood rule described in Sect. 3.3. Figure 1 contrasts the FOEN-
consistent and ADR7 risk maps for the Worst-Case layers in both basins. In Poldokhtar,
ADR7 depicts broad High—Extreme corridors coinciding with D x V-based intensity,
while FOEN concentrates High and Very High classes along closure-affected margins and
backwater zones. In Aqqala, both frameworks show a town-wide band of Medium-High
risk, with FOEN Very High patches aligned with right-bank closures and ADR7 elevating
selected inner-town cells where high hazard overlaps with dense exposure and elevated
relative vulnerability.

Urban-focused summaries based on the building mask are provided in Tables S6 and
S7. Under FOEN, within-scenario High + Very High shares among classified building-mask
pixels changed only modestly from Baseline to Worst-Case in both basins. Under ADR7,
the shift toward Extreme classes was slightly stronger in built-up corridors, especially in
Poldokhtar, consistent with the framework’s sensitivity to D X V-based intensity.

As summarised in Table 1, weakline closures do not strongly expand the total upper-risk
area at the basin scale, with changes of <0.3% points. Instead, they reorganise risk inter-
nally, raising local severity under ADR7 and shifting Medium to High or Very High classes
under FOEN along closure-affected margins. This indicates that weakline effects act mainly
through local amplification and class migration, rather than basin-wide expansion of upper-
risk area.

4.4 Sensitivity and Robustness
Pixel-wise cross-validation showed high internal agreement with the GLOFAS-derived
targets, with RMSE values of 0.108-0.471 m and mean R? values generally above 0.95.

Spatial-block cross-validation was more conservative. In Poldokhtar, block-CV RMSE
increased to 1.204—1.605 m, with moderate R? values of 0.701-0.746. In Aqqala, block-
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Aqgala — Risk Map (FOEN-adapted, worst-case per ARI) Poldokhtar — Risk Map (FOEN-adapted, worst-case per ARI)
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Fig. 1 Flood-risk maps for Worst-Case layers under FOEN and ADR7 frameworks

CV RMSE remained lower at 0.314—0.374 m, but R? decreased to 0.169-0.176, reflecting
weaker spatial gradients in the low-relief floodplain.

Sensitivity analyses assessed the internal stability of mapped risk changes under quantile
thresholds, modest HEV perturbations, and Baseline—Worst-Case spatial differences. FOEN
showed limited upward class migration, below 5% in both basins. ADR7 was more sensi-
tive, especially in Aqqala, where upward shifts reached about 9% under own-banding and
7% under fixed-banding. This pattern is consistent with ADR7’s stronger dependence on D
x V-based hazard intensity. Full migration statistics are provided in Table S8.

The HEV-jitter test applied a spatially varying+ 5% perturbation to the Worst-Case risk
field over 20 Monte Carlo realisations. The resulting upper-tier class shares showed negli-
gible variation in both basins (Table S9), indicating stable classification under modest HEV
perturbation.

Spatial diagnostics further showed that weakline effects act mainly as local amplifiers.
In Poldokhtar, AR maps showed compact positive changes along the main river corridor,
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Table 1 Upper risk-tier area shares under Baseline and Worst-Case scenarios

Basin Framework Upperrisk-tier =~ Base- Worst- A Interpretation
definition line Case (W-B)
&) (%)
Poldokhtar ~ FOEN High+ Very 50.20 50.20 0.00 Upper-risk class share es-
High sentially unchanged; closures
redistribute intensity within
upper tiers
ADR7 High+Extreme 40.34 40.11 —0.23  Local severity changes without
enlarging total upper-risk area
Aqqala FOEN High+ Very 50.38 50.53 +0.15 Marginal increase; closures
High deepen flows within the exist-
ing footprint
ADR7 High+Extreme 39.96 40.22 +0.26 Minor expansion along

closure-affected margins

Note: A (W-B) = Worst-Case percentage minus Baseline percentage. Values are basin-area shares from
classified risk rasters and represent relative within-basin class shares, not absolute risk or loss estimates

bridge-constriction zones, and urban—valley margins. In Aqqala, positive AR appeared as
narrow belts along the southern and eastern flow corridors. Across both basins, most pixels
remained unchanged or shifted by only one class, while two-class upward shifts were con-
centrated near closure-sensitive margins (Figures S10 and S11).

Overall, the main high-risk belts persisted across quantile, perturbation, and AR tests,
while weakline closures mainly reorganised local risk intensity rather than producing unsta-
ble basin-wide class changes. These results support FARHAD as a screening and prioritisa-
tion workflow.

5 Discussion

FARHAD is best interpreted as a screening-level workflow rather than a calibrated hydraulic
model. Its main contribution is not depth prediction alone, but the integration of open-data
depth surrogates, weakline scenario testing, HEV risk construction, and parallel FOEN—
ADRY7 classification within one reproducible framework. This positioning is consistent with
recent studies that apply machine-learning and geospatial methods to flood-risk assessment
in data-scarce settings and regional-scale hazard—vulnerability screening (Mahmoudnia and
Karami 2026; Mishra et al. 2026).

5.1 Spatial and Policy Interpretation

Weakline closures affect modelled flooding differently depending on basin geometry and
the arrangement of settlements. In both Aqqala and Poldokhtar, their influence is mainly
expressed as lateral redistribution and additional local depth, rather than basin-wide expan-
sion of the inundated area. This supports treating weaklines as potential lateral-control
features that modify existing inundation patterns, rather than as independent sources of
flooding. Similar behaviour has been reported in hydrodynamic studies where levees, dykes,
and embankment controls reshape floodplain storage and ponding, affecting flood-dynamics
representation (Burns et al. 2025; Di Baldassarre et al. 2010; Xu et al. 2026).

@ Springer



Fully Automated Risk and Hazard Assessment for Decision-support... Page 130f 18 426

In Poldokhtar, weaklines are densely grouped along both sides of the valley, so multiple
closure scenarios can act together. Backwater ponding, confinement, and reduced lateral
connectivity can increase D x V-based intensity along the main urban corridor. The narrow
valley geometry amplifies local flow concentration, producing confined high-risk belts that
persist across multiple return periods. This corridor-focused amplification is consistent with
recent studies of mountainous and semi-confined floodplains, where terrain-constrained
urban development and structural controls can concentrate flood risk along valley-floor cor-
ridors (Khan et al. 2025; Thapa et al. 2020; Xu and Wang 2026).

In Aqqala, the simpler low-gradient floodplain contains a less branched weakline pat-
tern, but individual closures can have wider spatial influence. Closures along the eastern
and southern margins redirected modelled flow toward the urban fringe, generating pon-
ded zones and backwater patterns that locally increased modelled depth without strongly
expanding the overall flood footprint. This response is consistent with low-slope basins,
where embankments, roads, and human alteration of floodplain surfaces modify the balance
between storage and conveyance, shifting hazard severity within an existing footprint rather
than creating entirely new inundation zones (Jongman et al. 2015; Rajib et al. 2023).

The FOEN-ADR7 comparison shows that both frameworks identify broadly similar
high-risk corridors but translate them through different policy logics. FOEN emphasises
design-event probability and physical intensity, producing smoother class transitions across
return periods. ADR7 is more responsive to D x V-based severity, making local increases
in velocity-proxy intensity more visible in confined reaches. This helps explain the sharper
hazard escalation in Poldokhtar’s narrow valley and the more muted net response in Aqqa-
la’s broader floodplain. The two frameworks should therefore be viewed as complementary
interpretations rather than interchangeable classifications.

Taken together, these results show how weakline layers can connect structural discon-
tinuities, levees, embankments, and roads to repeatable patterns of local risk-amplification
patterns within FARHAD’s screening workflow.

5.2 Limitations and Recommendations

The hazard targets used to train the depth surrogate were derived from Copernicus GLOFAS
design-event rasters and interpolated or extrapolated to the adopted ARIs using a Gumbel
fit. Although these products are globally consistent and reproducible, they are not event-
calibrated local hydraulic simulations. Local mismatches in floodplain storage, conveyance,
defence performance, or boundary conditions may therefore persist. The 1000-year layer is
more uncertain than the lower ARIs because it is extrapolated beyond the native 500-year
GLOFAS product.

Velocity was approximated from depth—slope—roughness relationships and should be
interpreted as a screening proxy rather than a calibrated hydraulic velocity field. Exposure
data from WorldPop and OSM may contain temporal mismatch and mapping incomplete-
ness, while the vulnerability index uses proxy indicators rather than micro-scale attributes
such as floor elevation, building material, storey height, critical-facility function, or house-
hold-level vulnerability. Risk tiers were derived from banding of the HEV field and there-
fore support relative within-basin comparison, not absolute monetary loss, direct damage
severity, or transferable risk thresholds.
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Weakline-management priorities could target locations where AR=R(W)—R(B) and
upward class migration co-locate, such as road and levee margins, bridge approaches, ter-
race rims, and perimeter embankments that control hydraulic exchange with urban areas.
However, these products should support screening and prioritisation rather than replace
detailed local hydraulic modelling, engineering inspection, or statutory flood studies.

Future work should link the HEV formulation to observed or hydraulically simulated
velocity fields, especially in confined valleys where D x V-based classification is sensi-
tive to velocity assumptions. Coupling the mapped risk tiers with empirical depth—dam-
age curves, dynamic exposure layers, and independent validation data would help move
from relative categorical risk toward explicit loss estimation. Weakline detection could
be improved through multi-DEM screening and benchmarking against independent flood
footprints, post-event impact reports, crowdsourced observations, SAR-derived inundation
maps, or simplified breach-growth and hydrodynamic ensembles.

6 Conclusions

This study developed FARHAD, a transparent cloud-native framework for flood-risk map-
ping that combines open data, machine-learning-based depth prediction, weakline-closure
scenarios, and policy-based classification. The XGBoost surrogate reproduced GLOFAS-
derived design-event depth targets with high pixel-wise agreement, while spatial-block vali-
dation gave more conservative results. These findings support data-driven depth surrogates
for flood-risk screening in data-scarce basins, provided that outputs are not interpreted as
substitutes for locally calibrated hydraulic models or independent event validation.

Across Aqqala and Poldokhtar, weaklines acted mainly as local amplifiers of flood risk.
Conservative closure scenarios increased local depth and Depth x Velocity-based intensity
along floodplain margins, bridge constrictions, road embankments, and closure-sensitive
corridors, but did not substantially enlarge the basin-wide inundation or risk footprint.
These locations represent practical priorities for targeted inspection, mitigation screening,
and floodplain management.

Applying FOEN and ADR?7 to identical hazard, exposure, and vulnerability inputs
showed that mapped risk differences mainly reflect each policy framework’s logic. FOEN
emphasises design-event probability and physical danger levels, whereas ADR7 gives
greater weight to Depth % Velocity-based severity. Both frameworks identified broadly
similar high-risk corridors, indicating that basin morphology, exposure, and vulnerability
condition the spatial structure of risk, while the chosen framework influences how severity
is expressed.

Overall, FARHAD provides a reproducible and policy-transparent workflow for compar-
ing Baseline and conservative weakline-closure risk patterns in data-limited regions. Its
main contribution is the integration of open-data depth surrogates, weakline scenario test-
ing, HEV risk construction, and parallel FOEN-ADR?7 classification within a single audit-
able framework. Future work should pair the workflow with observed inundation extents,
surveyed water levels, calibrated velocity data, and empirical vulnerability functions to
strengthen its use in mitigation, zoning, and resilience planning.
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