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Abstract

Accurate flood extent and depth information are essential to emergency response, yet most existing studies treat these tasks separ-
ately. This work introduces an integrated SAR-to-depth framework that combines water body semantic segmentation with DEM-
based geometric depth estimation to generate both flood-extent maps and pixel-wise depth products from Sentinel-1 imagery. For
flood extent mapping, we propose a cross-scale Mamba with selective state-space blocks, which achieves a mean IoU of 79.8%
across ten European flood events from the KuroSiwo benchmark, outperforming RSMamba by 7.4% and surpassing common CNN
baselines. The experimental results demonstrate that the proposed model also generalizes well to unseen events, with test perform-
ance exceeding validation scores. When both CS-Mamba predictions and KuroSiwo reference masks are input to FLEXTH, the
resulting depth estimates agree within £2% across four global DEMs. Initial validation against ICESat-2 altimetry using MERIT
DEM (19 matched points) shows RMSE of 4.60 m and Bias of -1.88 m, providing preliminary validation evidence with system-
atic underestimation. Systematic DEM comparison shows FLEXTH is robust across all four DEMs, with Copernicus and MERIT
showing closest agreement with reference mask estimates. The framework produces three-class flood masks and pixel-wise depth

maps, combining extent mapping with quantitative depth information for operational flood monitoring.

1. Introduction

Floods are among the most destructive natural hazards, caus-
ing severe socio-economic impacts and loss of life (Amitrano
et al., 2024). Accurate flood mapping is critical for emergency
response, while quantitative depth estimation supports damage
assessment (Yuan et al., 2023b) and resource allocation (Bai
et al., 2021). Synthetic Aperture Radar (SAR) enables large-
scale flood monitoring with all-weather, day-night imaging cap-
ability. However, most operational services provide only bin-
ary flood extent maps that do not differentiate permanent water
from transient floods, and lack quantitative depth information
needed for disaster management (Cohen et al., 2019).

Deep learning has improved SAR-based flood detection signi-
ficantly. CNNs (Jamali et al., 2024) and transformers (Sharma
and Saharia, 2025) show strong results on benchmark datasets
such as KuroSiwo (Bountos et al., 2023), which provides a
standard testbed with 43 events covering 338 billion m2. How-
ever, transformer-based methods face limitations: their O(n2)
computational complexity restricts operational deployment for
large-scale monitoring (Yuan et al., 2023a). Meanwhile, quant-
itative depth estimation remains largely unexplored. Geometric
approaches (Cohen et al., 2019, Betterle and Salamon, 2024)
provide faster alternatives to hydrodynamic models, but we
lack systematic understanding of how segmentation quality and
DEM selection affect depth estimation accuracy.

This study integrates flood extent mapping and depth quantific-
ation. These two research areas are typically studied separately.
We make three contributions:

1. We develop an integrated SAR-to-depth pipeline that pro-
duces pixel-wise water depth maps from Sentinel-1 imagery
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and DEMs. The framework combines deep learning segment-
ation (CS-Mamba) with geometric depth estimation (FLEXTH
(Betterle and Salamon, 2024)). FLEXTH’s morphological pro-
cessing and water level interpolation enable accurate depth es-
timation even with segmentation imperfections, demonstrating
that automated segmentation can replace manual annotations
for operational depth mapping.

2. We propose CS-Mamba (Cross-Scale Mamba), an archi-
tecture that brings multi-scale feature fusion into Mamba for
SAR flood segmentation. Unlike existing Mamba-based ap-
proaches that operate at single scales, CS-Mamba integrates
cross-scale information through hierarchical feature extraction
and fusion mechanisms, so that the model captures both fine-
grained flood boundaries and large-scale inundation patterns.
CS-Mamba achieves 79.8% mloU on KuroSiwo, outperform-
ing RSMamba (72.4%) and CNN baselines while maintaining
linear O(n) computational complexity.

3. We compare four global DEMs (SRTM, Coperni-
cus, MERIT, FABDEM) and conduct initial validation using
ICESat-2 altimetry with MERIT DEM. Depth estimates from
CS-Mamba masks show mean differences within +2% of refer-
ence masks across all DEMs, indicating FLEXTH’s robustness
to both automated and manual annotations. ICESat-2 validation
with 19 matched points yields RMSE of 4.60 m and Bias of -
1.88 m, providing preliminary validation evidence despite sys-
tematic underestimation and limited sample size that constrain
statistical robustness.
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2. Related Work

2.1 SAR Flood Detection and Deep Learning Architec-
tures

Deep learning has improved SAR-based flood mapping across
different architectures. CNNs remain the dominant approach.
U-Net (Ronneberger et al., 2015), an encoder-decoder with
symmetric skip connections, is commonly used for Sentinel-1
flood segmentation (Jamali et al., 2024). Transfer learning with
ImageNet-pretrained encoders (ResNet, VGG) works effect-
ively for SAR applications despite domain differences (Saleh et
al., 2024). DeepLabV3+ (Chen et al., 2018) uses Atrous Spa-
tial Pyramid Pooling (ASPP) with parallel dilated convolutions
for multi-scale context aggregation, benefiting flood feature ex-
traction at different scales. Recent benchmarking on KuroSiwo
(Bountos et al., 2023) (43 events, 338 billion m?) shows CNN
models achieve 75-80flood segmentation.

Vision Transformers offer an alternative to CNNs through self-
attention mechanisms for global context modeling. For flood
detection, ViT architectures have been adapted to SAR imagery
(Sharma and Saharia, 2025), where multi-head attention cap-
tures long-range spatial dependencies. However, transformers’
quadratic O(n?) complexity limits scalability for high-resolution
SAR imagery (e.g., 10m Sentinel-1), restricting operational de-
ployment at continental scales (Yuan et al., 2023a).

Mamba (Zhu et al., 2024) achieves linear O(n) complexity
while preserving long-range modeling capability. Mamba has
been applied to medical image segmentation (VM-UNet (Ruan
and Xiang, 2024)) and remote sensing applications. RSMamba
(Chen et al., 2024b), originally a scene classification model,
uses patch-level predictions. RS3Mamba (Ma et al., 2024) tar-
gets semantic segmentation, while ChangeMamba (Chen et al.,
2024a) targets change detection. Recent applications extend
to building damage assessment, focusing on damage classific-
ation rather than flood mapping. SAR-based flood segmenta-
tion with Mamba is still limited. RSMamba’s classification-
oriented design lacks the hierarchical encoder and skip con-
nections needed for pixel-level dense prediction. We propose
CS-Mamba, a cross-scale Mamba architecture that introduces
multi-scale feature fusion mechanisms. Unlike RSMamba’s
single-scale design, CS-Mamba integrates hierarchical feature
extraction with cross-scale fusion, allowing the network to re-
solve both local boundaries and broad inundation areas for im-
proved flood boundary delineation.

2.2 DEM-based Depth Estimation

Quantitative depth estimation involves a trade-off between ac-
curate but expensive hydrodynamic models and faster geomet-
ric approaches. FwDET (Cohen et al., 2019) and FLEXTH
(Betterle and Salamon, 2024) estimate water surfaces from
flood boundaries and compute depths geometrically, enabling
operational deployment. Validation of geometric depth meth-
ods uses paired ICESat-2 tracks from dry and wet periods (Bet-
terle and Salamon, 2024), or single-track validation against
DEM-derived depths. DEM quality affects results: Xu et al.
(Xu et al., 2021) and Cohen et al. (Cohen et al., 2022) found
that vertical errors transfer directly to depth estimates, and
building/vegetation removal improves accuracy (Yuan et al.,
2024). Global DEMs differ in preprocessing and vertical accur-
acy, but systematic comparisons using FLEXTH for European
floods are limited. We address this gap by comparing four
global DEMs (SRTM, Copernicus, MERIT, FABDEM) through
controlled experiments and ICESat-2 validation.

3. Methodology
3.1 Overview

The framework (Fig. 1) combines deep learning flood seg-
mentation with DEM-based depth estimation in a unified
pipeline. CS-Mamba segments flood extent from multi-
temporal Sentinel-1 SAR imagery, producing three-class masks
(no water, permanent water, transient floods). FLEXTH
(Betterle and Salamon, 2024) computes pixel-wise water
depths from flood masks and DEMs using geometric meth-
ods. For DEM sensitivity analysis, FLEXTH processes both
CS-Mamba predictions and reference masks with four DEMs
using identical parameters, separating segmentation quality ef-
fects from DEM selection effects. Depth estimates are validated
against ICESat-2 altimetry.
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Figure 1. Integrated SAR to flood depth framework workflow.
CS-Mamba processes multi-temporal Sentinel-1 SAR imagery
(two pre-event + one post-event, VV/VH polarizations) for
three-class flood segmentation. FLEXTH estimates pixel-wise
water depths from flood masks and DEMs, with DEM sensitivity
analysis conducted using four global products.

3.2 CS-Mamba Architecture

3.2.1 Network Design CS-Mamba is a cross-scale Mamba
architecture that introduces multi-scale feature fusion into
Mamba for efficient flood segmentation. Figure 2 illustrates
the overall architecture and ConvRSMamba block design. The
main design choice is to combine hierarchical feature extrac-
tion with cross-scale fusion, so that the network jointly captures
fine-grained boundaries and large-scale patterns. Building on
RSMamba (Chen et al., 2024b), we introduce three key com-
ponents: multi-scale hierarchical encoder, symmetric decoder
with cross-scale skip connections, and ConvRSMamba blocks
that combine local and global features.

Encoder: The encoder has four hierarchical stages processing
features at resolutions 56 x 56, 28 x 28, 14 x 14, and 7 x
7, with channel dimensions [96, 192, 384, 768]. Initial patch
embedding uses stride-4 convolution (224 x 224 — 56 X 56),
then progressive downsampling through patch merging. Each
stage contains [2, 2, 6, 2] ConvRSMambaBlocks (12 blocks
total) with stochastic depth regularization.

ConvRSMamba Block: Each block combines depthwise-
separable convolution (local features) with RSMamba layer
(global context). The RSMamba component uses gated fu-
sion across three scanning paths (forward, reverse, shuffled),
enabling view-invariant feature learning. Features from convo-
lutional and Mamba branches are fused through residual addi-

This contribution has been peer-reviewed. The double-blind peer-review was conducted on the basis of the full paper.
https://doi.org/10.5194/isprs-annals-XI-3-2026-493-2026 | © Author(s) 2026. CC BY 4.0 License. 494



ISPRS Annals of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XI-3-2026
XXV ISPRS Congress 2026 “From Imagery to Understanding”, Commission Ill, 4—-11 July 2026, Toronto, Canada

tion, then passed through an FFN (expansion ratio 4). This hy-
brid design maintains linear O(n) complexity while capturing
fine-grained boundaries and large-scale patterns.

Decoder: The symmetric decoder has three upsampling stages
(7T x 7 — 56 x 56), matching the encoder structure. Each
stage includes patch expanding (2x upsampling with channel
halving), skip connection concatenation with encoder features,
linear projection for dimension alignment, and ConvRSMamb-
aBlocks for feature refinement. Final upsampling to 224 x 224
uses two transposed convolutions (stride 2) and a 1 x 1 convo-
lution for three-class logits.
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Figure 2. CS-Mamba architecture. Left: U-Net encoder-decoder
structure with four-stage hierarchical design processing
multi-temporal SAR inputs. Encoder and decoder stages are
connected via skip connections. Right: ConvRSMamba Block
internal structure integrating convolutional operations with
multi-path Mamba scanning and gate fusion mechanisms.

3.2.2 Multi-Temporal Input Configuration The model
processes six-channel input from three Sentinel-1 SAR acquis-
itions (VV and VH each): two pre-event images for baseline
water conditions and one post-event image showing peak flood-
ing. The channels are concatenated as [Pre-event 2, Pre-event
1, Post-event] with VV and VH for each timestamp, forming a
6 x 224 x 224 input tensor. This multi-temporal setup distin-
guishes permanent water bodies (persistent across acquisitions)
from transient floods (appearing only post-event), which helps
prioritize newly flooded areas during emergency response.

3.2.3 Training Strategy To address class imbalance (floods
i3% of pixels), we combine Focal Loss (weight 0.4, v=3.5) for
hard example mining with Dice Loss (weight 0.6) for IoU op-
timization. Class weights [0.2, 2.5, 3.5] prioritize rare flood and
permanent water classes. We use AdamW optimizer (Ir=10"%,
weight decay=0.08) with cosine annealing scheduler (5-epoch
warmup, minimum Ir 10~°) for 80 epochs maximum with batch
size 16. Data augmentation uses geometric transformations
(flips, 90° rotations, affine) and intensity augmentations (blur,
noise). Gradient clipping (max norm 1.0), exponential moving
average (decay 0.999), and early stopping (patience 20 epochs)
are applied for stability.

3.2.4 Evaluation Metrics Segmentation accuracy is quan-
tified using four metrics: Recall, Precision, F1-score, and Inter-
section over Union (IoU). These metrics are computed per class
and averaged to yield mean values.

IoU (Jaccard index) measures the spatial overlap between pre-
dicted and reference masks. For class c:

TP,

U=~ —°
° TP, + FP, + FN,

M

with TP, FP., and FN. denoting true positives, false positives,
and false negatives. Recall and Precision are defined as:

TP,
Recalle = ————— 2
e T TP 1 EN, @
.. TP,
Precision. = m (3)

F1-score represents the harmonic mean of Precision and Recall:

FlL — 2 x Precision. x Recall.
" Precision. + Recall.

“)

Mean IoU, computed as the arithmetic mean of class-wise IoU
values, serves as the primary evaluation metric. Class-level
analysis reveals performance variations among water types, im-
portant for applications requiring distinction between perman-
ent water and flooding.

3.3 Depth Estimation and DEM Comparison

The FLEXTH framework (Betterle and Salamon, 2024) estim-
ates pixel-wise water depths from flood masks and DEMs using
geometric principles. Figure 3 summarizes the FLEXTH work-
flow used for depth estimation from flood masks and DEMs.
To analyze DEM sensitivity, we apply FLEXTH to two mask
sources— CS-Mamba predictions and KuroSiwo reference an-
notations—processing both with four DEMs using identical
parameters. This design separates DEM effects from segment-
ation quality effects.
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Figure 3. FLEXTH depth estimation workflow. The algorithm
processes flood masks and DEMs through three stages:
boundary extraction, elevation attribution, and depth
computation. Required inputs are flood extent mask and DEM.

3.3.1 FLEXTH Algorithm FLEXTH estimates water
depth in three steps: boundary extraction using morphological
operations, water level assignment to boundary pixels from
DEM elevations, and spatial interpolation across flooded
regions. The water level at pixel (i,7) is computed as an
inverse-distance weighted average of boundary elevations:

N,
.. ™ wy - DEM, 1
WL(i, ) = kflzwiaxw b we=ge )
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where DEM;, is the elevation of the k-th boundary pixel, d
is its distance to (7,j), and o = 2 is the distance decay ex-
ponent. Water depth is computed as W D(i,5) = WL(i,j) —
DEM(i, ), with negative values set to zero. We use Method
B (percentile-based water level estimation) with parameters:
slope threshold 0.05, gap closing 0.05 km?, border percentile
0.50, maximum 100 neighbors. The framework produces geor-
eferenced flood masks and pixel-wise depth maps at 10m resol-
ution, aligned with input SAR imagery.

3.3.2 ICESat-2 Validation Method Accuracy of depth es-
timates is assessed by comparing them with ICESat-2 laser alti-
metry. ICESat-2 ATLAS records elevation along ground tracks
with sub-meter sampling (Neuenschwander and Pitts, 2019).
ATLO3 granule from Cycle 10 for Event 497 (Germany, Oc-
tober 2020) contains photons from three strong beams within
the study area.

Photons are selected within 6.2°E-6.85°E, 51.15°N-51.75°N,
with elevation between 0-35 m and water_conf > 0. All data
processing is conducted in WGS84 coordinate system to ensure
direct compatibility between ICESat-2 photon coordinates (el-
lipsoid heights in WGS84) and DEM elevations. Water depth
at photon locations is calculated as:

Dicgsat = hellipsoid — DEM (6)

where DEM elevation is sampled from MERIT DEM at photon
coordinates. MERIT is selected for validation due to its hydro-
logical optimization and multi-error-removal processing, which
minimize vertical artifacts in flood-prone terrain. The assump-
tion is that ellipsoid height represents water surface elevation
and DEM represents terrain surface.

FLEXTH water depth raster and MERIT DEM are reprojec-
ted to WGS84 for direct spatial correspondence with ICESat-2
photon coordinates. FLEXTH depths are sampled at photon
locations using adaptive windows. Sampling starts with a 3x3
pixel window centered on photon coordinates. If no positive
depth pixels exist (common near flood boundaries), the window
is expanded up to 101x101 pixels ( 1 km) to find the nearest
non-zero depth. This approach addresses spatial offset between
ICESat-2 tracks (90 m beam separation) and flood boundaries.

Validation points are filtered by: photon-to-pixel distance < 60
m, ICESat-2 depth > 1.0 m, depth difference < 30 m, and at
least 4 valid pixels in the sampling window.

3.3.3 Depth Validation Metrics Depth estimation accuracy
is assessed using three metrics: Bias, Root Mean Square Error
(RMSE), and Mean Absolute Error (MAE). For n validation
points:

n

. 1
Bias = E Z(dest,i - dref,i) (7)

i=1

n

1
E Z(desl,z‘ - ref,i)2 (8)

i=1

RMSE =

1 n
MAE = E ; |dest,i — CUref,i (9)

where des; and dyer,; denote estimated and reference depths at
point i. Bias indicates systematic overestimation (positive) or
underestimation (negative), while RMSE and MAE quantify
overall error magnitude. RMSE penalizes large errors more
heavily than MAE.

4. Experiments and Results

4.1 Experimental Setup

4.1.1 Dataset and Evaluation Setup We use the European
subset of KuroSiwo (Bountos et al., 2023), a benchmark dataset
with three-class flood annotations (no water, permanent water,
floods) covering 43 global events.

Flood segmentation dataset. We select 10 spatially and tem-
porally independent European flood events (2016-2021) to eval-
uate cross-event generalization. The data partition (Table 1 and
Figure 4) includes 7,882 labeled patches from 7 European coun-
tries across 2 climatic zones.

Table 1. Dataset partition across train/validation/test splits for 10
European flood events.

Event ID (Country) Split Samples Climate Zone
118 (Spain) Train 342 Zone 2+3
324 (France) Train 548 Zone 3
411 (France) Train 149 Zone 3
427 (Sweden) Train 5,283 Zone 3
Training Subtotal 6,322 4 events
279 (Spain) Val 346 Zone 2+3
417 (Portugal) Val 162 Zone 3
445 (Romania) Val 141 Zone 2
Validation Subtotal 649 3 events
421 (France) Test 68 Zone 3
497 (Germany) Test 398 Zone 3
502 (Ireland) Test 445 Zone 3
Test Subtotal 911 3 events
Total 7,882 10 events, 7 countries
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Figure 4. Geographic distribution of European flood events.

Depth estimation configuration. For depth estimation (Sec-
tion 4.3), we use Event 497 (Germany, October 2020), which
has the largest sample size (398 patches) and diverse terrain
(urban, agricultural, forested floodplains). We select this event
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for ICESat-2 validation due to temporal overlap with available
altimetry data. This depth analysis is treated as a proof-of-
concept for the integrated SAR-to-depth workflow. We evaluate
four global DEMs: SRTM v3.0 (Farr et al., 2007) (30m), Coper-
nicus DEM (European Space Agency, 2021) (30m, TanDEM-
X), MERIT DEM (Yamazaki et al., 2017) (30m, hydrologic-
ally optimized), and FABDEM v1.2 (Hawker et al., 2022)
(30m, vegetation-removed). All DEMs are harmonized to a
common framework: resampled to 6.23m spacing using bi-
linear interpolation, reprojected to EPSG:3035, and aligned to
11,251 15,702 pixels. We preserve original vertical datums
since FLEXTH uses relative elevation gradients.

4.1.2 Data Preprocessing and Implementation The Kur-
oSiwo dataset includes preprocessed Sentinel-1 SAR imagery
(VV and VH polarizations) at 10m resolution. Each sample
contains multi-temporal acquisitions (two pre-flood + one
flood-event) co-registered and cropped to 224 x 224 patches.

All experiments are implemented in PyTorch 2.5.1 with CUDA
12.8 on two NVIDIA A100 GPUs (80GB VRAM each), using
random seed 42. SAR intensity values are clipped to +0.15
and normalized using training set statistics. Data augmenta-
tion includes geometric transformations (flips, rotations, affine)
and intensity augmentations (blur, noise) via Albumentations
(Buslaev et al., 2020). Test-time augmentation is applied dur-
ing evaluation. CS-Mamba uses a hierarchical architecture with
channel dimensions [96, 192, 384, 768] and [2, 2, 6, 2] blocks
per stage. Training details are in Section 3.2.3.

4.2 Three-Class Flood Segmentation Performance

4.2.1 Baseline Comparison We compare CS-Mamba with
other deep learning methods for flood segmentation: ResNet-
based UNet and DeepLabV3+ (CNN architectures), FloodViT
(transformer), and RSMamba (Mamba baseline). RSMamba
(originally a classification model) is adapted for segmentation
by replacing the classification head with a segmentation de-
coder and training from scratch on KuroSiwo. FloodViT is eval-
uated using pre-trained weights provided by KuroSiwo, achiev-
ing 43.5% mloU, likely due to domain mismatch between pre-
training and the target task. Table 2 presents the comparative
performance on the test set.

Table 2. Segmentation performance comparison on test set.

Model No Water Permanent Floods mloU
IoU (%) IoU (%) ToU (%) (%)
FloodViT 87.3 9.8 334 435
RSMamba 95.7 67.5 54.1 724
DeepLabV3+ 95.8 76.5 58.3 76.9
UNet-ResNet50 96.2 75.9 60.0 77.3
CS-Mamba (Ours) 96.4 79.6 63.5 79.8

CS-Mamba achieves the highest performance across all ar-
chitectures, with 79.8% mloU surpassing CNN methods
(DeepLabV3+: 76.9%, UNet-ResNet50: 77.3%), RSMamba
(72.4%), and FloodViT (43.5%). The 7.4 percentage point im-
provement over RSMamba stems from the architectural design:
hierarchical encoder and symmetric decoder with multi-scale
skip connections enable cross-scale feature fusion, combin-
ing fine-grained boundaries with semantic context. For per-
manent water, CS-Mamba (79.6% loU) outperforms RSMamba
(67.5%) and FloodViT (9.8%), effectively capturing temporal
patterns through hierarchical encoding. For flood detection,
CS-Mamba (63.5% IoU) outperforms all baselines, with 9.4%
above RSMamba and 3.5-5.1% above CNN methods, suggest-
ing that selective scanning mechanisms better capture long-
range spatial patterns.

4.2.2 Detailed Performance Analysis Table 3 breaks down
CS-Mamba’s per-class performance. The 79.8% mean IoU ex-
ceeds validation by 3.8 percentage points. Performance var-
ies across classes: no-water (96.4% IoU) is substantially easier
than floods (63.5% IoU), reflecting the difficulty of detecting
transient floods in SAR imagery where backscatter varies with
water depth, surface roughness, and vegetation.

Table 3. CS-Mamba per-class performance on test set (Events
421,497, 502; 911 samples). Metrics include Recall, Precision,
F1, and IoU with test-time augmentation enabled.

Class Recall (%)  Precision (%) F1(%) 1oU (%)
No Water 98.3 98.0 98.1 96.4
Permanent Water 89.4 87.9 88.6 79.6
Floods 74.0 81.7 77.1 63.5
Mean 87.2 89.2 88.1 79.8

Validation mIoU: 75.9% | Generalization gain: +3.8%

Recall and precision are balanced across all three classes
(Table 3). Test performance (79.8%) exceeds validation
(75.9%), suggesting that CS-Mamba generalizes across Con-
tinental, Oceanic, and Mediterranean climates rather than over-
fitting to training events.

4.2.3 Qualitative Assessment Figure 5 presents qualitat-
ive segmentation results from three test events (France, Ger-
many, Ireland). Each row displays multi-temporal SAR in-
puts (Pre-event 1, Pre-event 2, Post-event in VV/VH polariz-
ations), ground truth annotation, and CS-Mamba prediction.
Predictions closely match ground truth across all three events.
For Germany, CS-Mamba distinguishes permanent water (Cyan)
from floods (pink) with smooth flood boundaries. For Ireland,
fine flood details are precisely captured. For France, accurate
flood extent delineation is achieved. These visual results sup-
port the quantitative performance in Table 3.

4.3 Depth Estimation and DEM Sensitivity Analysis

4.3.1 Experimental Design To assess the effects of DEM
selection and segmentation quality on depth estimation,
FLEXTH is applied to Event 497 (Germany, October 2020),
which contains 398 patches covering urban, agricultural, and
forested terrain.

The 2x4 factorial design combines two mask sources (CS-
Mamba predictions, reference annotations) with four harmon-
ized DEMs (SRTM, Copernicus, MERIT, FABDEM) using
identical FLEXTH parameters.

In the absence of ground-truth depth measurements, depth es-
timates from CS-Mamba masks are compared against those
from reference masks. Comparisons across DEMs isolate
DEM-specific effects.

Table 4. Depth estimation comparison for Event 497 (Germany):
CS-Mamba predictions versus masks across four DEMs.

DEM Pred. Ref. Diff. Diff. Pred. Ref. Pred.
Mean Mean (cm) (%) Median Median Std
(cm) (cm) (cm) (cm) (cm)
SRTM 1659.61 1686.08 -26.47 -1.57 2080.80 2015.10 953.90
MERIT 1608.05 1621.89 -13.84 -0.85 2011.63 1945.18 909.93
Copernicus 154825  1547.83  +0.42 +0.03 1964.57 1870.72 875.51
FABDEM 1545.64 1561.69 -16.05 -1.03 1967.05 1893.14 87745

Pred. pixels: 1,135,276 (44.13 km?); Ref.: 1,358,115 (52.79 km?)

4.3.2 Quantitative Comparison Table 4 presents FLEXTH
depth estimates across eight configurations (2 mask sources x 4
DEMs) for Event 497. Despite predicting fewer pixels (1.14M
vs 1.36M, 16.4% under-prediction), CS-Mamba predictions
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Figure 5. Qualitative flood segmentation results on test samples from three events (France, Germany, Ireland). Each row shows
multi-temporal SAR inputs, ground truth annotation, and CS-Mamba prediction for three-class flood segmentation.

agree closely with reference masks, with mean depth differ-
ences within £2% across all DEMs: SRTM (-1.57%), MERIT (-
0.85%), Copernicus (+0.03%), FABDEM (-1.03%). FLEXTH
also exhibits low sensitivity to DEM selection, with only 27 cm
variation across products (mean depths: 1545-1686 cm). Deep
learning predictions can therefore replace manual annotations
for operational depth estimation.

Among the four DEMs, Copernicus exhibits near-perfect agree-
ment (+0.03%), followed by MERIT (-0.85%), FABDEM (-
1.03%), and SRTM (-1.57%). The narrow 27 cm range in-
dicates that FLEXTH is robust to DEM preprocessing dif-
ferences.  Copernicus uses TanDEM-X with +2 m ver-
tical accuracy. MERIT’s multi-error-removal algorithm, de-
signed for hydrology, performs well despite coarser resolu-
tion. MERIT and FABDEM perform similarly, indicating that
building/vegetation removal leads to smaller differences com-
pared to reference mask estimates than unprocessed products
like SRTM.

Statistical distributions show similar patterns across DEMs.
Median depths (1870-2081 cm) exceed means (1548-1686 cm)
by 15-25%, indicating right-skewed distributions. This pattern
is typical for riverine floods, where shallow areas along river
banks and margins lower the mean, while most flooded regions
have moderate to deep water. Standard deviations (876-954 cm)
reflect high depth variability within flooded regions. This un-
derscores why pixel-wise depth maps are preferable to uniform
depth values for flood response and damage assessment.

Figure 6 presents spatial depth patterns across DEMs.
MERIT and FABDEM exhibit finer topographic detail in
urban/vegetated areas due to building/vegetation removal pre-
processing, while SRTM and Copernicus exhibit smoother
depth gradients. Despite these visual differences, quantitative
statistics remain tightly clustered within £2%, indicating that
FLEXTH’s elevation averaging and interpolation mechanisms
effectively normalize local variations. The algorithm’s robust-
ness to DEM texture differences supports use across different
DEM products without re-tuning parameters.

4.3.3 Validation with ICESat-2 Altimetry Depth estim-
ates are validated following the method described in Sec-
tion 3.3.2 using MERIT DEM. After filtering, 19 matched
points remain for Event 497. Table 5 presents validation statist-
ics computed using metrics defined in Section 3.3.3. FLEXTH
depth estimates (computed with MERIT DEM) yield RMSE of
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Figure 6. Flood depth maps for Event 497 (Germany, October
2020) across four global DEMs. Spatial distribution of
pixel-wise depths with consistent color scales for CS-Mamba
predictions and reference masks.
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4.60 m and Bias of -1.88 m compared to ICESat-2 measure-
ments. The negative Bias reflects systematic underestimation
that arises from four factors: vertical errors in MERIT DEM
(typically 2-5 m in floodplain terrain) propagate directly into
ICESat-2 reference depths, FLEXTH’s inverse-distance inter-
polation tends to underestimate water levels near flood mar-
gins where boundary elevations are higher, and temporal off-
sets between ICESat-2 overpasses and SAR acquisition may
introduce water level discrepancies, and ICESat-2 photon re-
turns over water surfaces exhibit lower signal-to-noise ratios
than land surfaces, with residual noise photons potentially bias-
ing elevation measurements despite confidence filtering. While
the limited sample size (19 points) constrains statistical robust-
ness, these results provide initial independent validation for op-
erational flood depth retrieval.

Table 5. ICESat-2 validation results for Event 497 (Germany).

Metric Value Units
Valid points 19 -
Bias -1.88 m
RMSE 4.60 m
MAE 3.83 m
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Figure 7. ICESat-2 validation results for Event 497 (Germany).
(a) Scatter plot of FLEXTH versus ICESat-2 depths. (b)
Distribution of depth differences (FLEXTH - ICESat-2).

The scatter plot (Figure 7(a)) exhibits substantial scatter around
the 1:1 reference line, with most points falling below the line.
ICESat-2 depths range from 2 to 14 m, while FLEXTH estim-
ates span 3 to 7 m. The difference distribution (Figure 7(b))
exhibits a bimodal pattern with primary concentration in the
negative range (-6 to -3 m) and a secondary peak around +2 m,
consistent with the -1.88 m Bias. Large scatter likely arises
from small sample size, spatial heterogeneity, and uncertain-
ties in DEM elevations and FLEXTH interpolation near flood
boundaries. Sample size is limited (19 points) due to spatial
coverage, track geometry, and filtering requirements. ICESat-2
depth calculation depends on DEM accuracy, introducing sys-

tematic errors. Paired dry/wet ICESat-2 tracks (Betterle and
Salamon, 2024) would eliminate DEM errors through differen-
tial analysis, but such pairs were unavailable for this event.

5. Discussion and Conclusion

This study presents a unified SAR-to-depth workflow combin-
ing CS-Mamba-based water body segmentation with FLEXTH
geometric depth estimation. CS-Mamba achieves a mean loU
of 79.8% and demonstrates strong generalization across diverse
flood events. Depth estimates derived from CS-Mamba predic-
tions remain within #2% of those derived from ground truth
masks across four DEMs, confirming that automated segment-
ation is sufficiently accurate for operational applications. Ini-
tial ICESat-2 validation using MERIT DEM with 19 matched
points yields RMSE of 4.60 m and Bias of -1.88 m, where
the systematic underestimation is associated with DEM ver-
tical uncertainty, boundary and interpolation effects, temporal
mismatch between SAR and ICESat-2, and uncertainty in over-
water photon measurements. The quantitative results support
the practical feasibility of the proposed approach.

This work is subject to several constraints. ICESat-2 valida-
tion is constrained to Event 497 because the remaining two
test events (France, Ireland) lack temporally coincident alti-
metry tracks within their respective flood periods, a restric-
tion imposed by ICESat-2’s 91-day repeat cycle and narrow
ground track spacing. Within Event 497, strict spatial and qual-
ity filtering further reduces the number of usable photon-to-
pixel matches to 19 points, which limits the statistical power
of the validation. ICESat-2 photon returns over water surfaces
also exhibit lower confidence than over land, which adds un-
certainty to reference depth estimates. Nevertheless, the core
finding that CS-Mamba and reference masks produce depth es-
timates within £2% across all four DEMs does not depend on
ICESat-2. The ICESat-2 comparison provides additional inde-
pendent support and is not the only basis for depth accuracy
assessment. FLEXTH also assumes a continuous water surface
under steady-state conditions, which may not fully capture tran-
sient hydraulic gradients or backwater effects in complex river
networks. Incorporating in-situ water level measurements from
gauging stations, where available, could constrain water surface
interpolation and account for hydraulic gradients. For rapidly
flowing channels requiring transient hydraulic modeling, coup-
ling with physics-based hydrodynamic solvers remains neces-
sary. Finally, segmentation and depth experiments are limited to
European flood events; performance on tropical or arid-region
floods with different land cover and terrain characteristics has
not yet been tested.

Future work should extend validation to non-European regions
using KuroSiwo’s 43 global events, expand ICESat-2 verifica-
tion through paired dry/wet tracks that eliminate DEM-related
errors, and explore end-to-end integration of geometric depth
estimation into the segmentation pipeline to reduce error accu-
mulation from the current two-stage design.
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