Earth Observation for Disaster Mapping:

Benchmarks, Methods,

Challenges and Future

Perspectives

Hongruixuan Chent, Jian Songt, Weihao Xuant, Junjue Wangt, Heli Qi, Zeqi Zhou, Pengyu Dai,
Olivier Dietrich, Erika Gutierrez, Lars Bromly, Edoardo Nemni, Yafei Ou, Jie Zhao, Zhuo Zheng,
Yonghao Xu, Ronny Hansch, Wenzhe Jiao, Marco Chini, Claudio Persello, Junshi Xia,

Shijian Lu, Lixin Wang, Zhe Zhu, Evan Shelhamer, Jocelyn Chanussot, Konrad Schindler, Naoto Yokoya

Abstract—Natural hazards cause hundreds of billions of dollars in
losses annually, with impacts that disproportionately affect vulnerable
populations. Earth observation (EO) provides comprehensive, repeat-
able measurements that are essential for assessing disaster impacts
when ground-based systems fail. Over the past two decades, methods
for post-disaster mapping impacts from EO data have evolved rapidly,
from manual interpretation and spectral indices to deep learning and,
most recently, foundation models. Yet this methodological diversity has
outpaced systematic evaluation: most existing studies focus on individ-
ual hazards, single tasks, or specific method families, and lack repro-
ducible cross-method comparison. In this paper, we provide a unified re-
view and benchmark for EO-based disaster mapping. We define a task-
driven taxonomy distinguishing disaster extent mapping from infras-
tructure damage mapping, and systematically review methods across
both tasks, spanning traditional, deep learning, and foundation model
paradigms. We then benchmark over 30 methods under a standardized
protocol across 13 datasets covering diverse hazards, sensors, and
operational settings. Our studies reveal that architectural complexity
yields diminishing returns for extent mapping, that change detection
architectures benefit damage mapping but not extent mapping, and
that foundation models do not yet consistently outperform task-specific
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baselines, particularly on non-RGB modalities. Based on these findings,
we identify key priorities for advancing operational disaster mapping.
Code and benchmark resources are publicly available at here.

Index Terms—Earth observation, natural hazards, disaster mapping,
deep learning, foundation models

1 INTRODUCTION

ATURAL disasters claim tens of thousands of lives and
N cost the global economy hundreds of billions of dollars
each year, and with impacts falling disproportionately on
low- and middle-income countries least equipped to absorb
them [54], [95], [446]. Climate change is intensifying this
burden: the frequency and severity of hydro-meteorological
extremes, including floods, storms, and wildfires, are ris-
ing [445], [494], compounding exposure for populations al-
ready facing poverty, ageing infrastructure, and constrained
disaster preparedness.

Fig. 1 provides a global perspective spanning half a
century (1974-2024) and highlights three patterns that mo-
tivate this review'. First, the growth in recorded disasters
is dominated by hydro-meteorological hazards (e.g., floods
and storms), consistent with an intensifying climate risk
landscape. Second, impacts on human remain severe and
hazard-dependent, spanning mortality, displacement, and
livelihood disruption. Third, economic losses are deeply
unequal: high-income countries bear the largest absolute
losses, while low- and lower-middle-income countries suf-
fer far greater losses relative to GDP, reflecting structural
vulnerability and uneven capacity for risk reduction [155],
[444]. These trends directly challenge the Sendai Framework
for Disaster Risk Reduction 2015-2030 [442], whose Target C
commits signatories to substantially reducing direct disaster

1. Trends in recorded disaster counts should be interpreted with cau-
tion. Improvements in reporting infrastructure and information flow
over the past decades contribute to the apparent rise in event numbers,
particularly in data-sparse regions. The geographic distribution in
Fig. 1-(a) likely reflects reporting coverage as much as actual hazard
exposure.
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Fig. 1. Global natural disasters, impacts, and vulnerability (1974—2024). (a) Global distribution of disaster occurrences. (b) Annual trends by hazard
type. (c) Human impacts across hazards. (d) Economic loss per event (log scale). (e) National vulnerability: total losses vs. annual loss as %GDP.

Data Sources: EM-DAT [87], World Bank [493].

economic loss relative to GDP, and undermine progress
toward the Sustainable Development Goals (SDGs), partic-
ularly poverty reduction (SDG 1), resilient infrastructure
(SDG 11), and climate adaptation (SDG 13) [441], [443],
[447]. In this context, rapid, accurate, and scalable post-
event mapping is not merely a technical objective, but a
critical enabler of timely response, recovery planning, and
longer-term disaster risk reduction.

In the aftermath of a major disaster, ground-based in-
formation systems often fail: communication networks col-
lapse, roads are blocked, and on-site assessment becomes
slow or impossible. Earth observation (EO), here encom-
passing spaceborne, airborne, and Unmanned Aerial Vehicle
(UAV) platforms, fills this gap by providing synoptic, re-
peatable, and objective measurements at scale without plac-
ing responders at risk. Over the past two decades, EO has
undergone a data revolution, transitioning from sporadic ac-
quisitions to a persistent, multi-modal global monitoring ca-
pability. This now includes sub-metre optical constellations
(e.g., WorldView, Pléiades), all-weather SAR systems (e.g.,
Sentinel-1, TerraSAR-X, Capella), and high-revisit missions
(e.g., Sentinel constellations, Planet). In addition, UAVs
complement these with on-demand, centimetre-scale acqui-
sitions. As Fig. 2 illustrates, the resulting mapping tasks
span vastly different damage signatures, from landscape-
scale flood inundation and burn scars to discrete structural
failures in urban settings, across multiple sensor modalities.

The proliferation of EO data, coupled with advances
in computing, has driven rapid methodological evolution
in disaster mapping. Early approaches relied on pixel-level
physical properties such as spectral indices and threshold-
ing [74]. Classical machine learning then introduced hand-
crafted feature engineering to improve classification in spe-

cific contexts. The current paradigm is dominated by deep
learning (DL): convolutional neural networks (CNNs) have
automated feature extraction [571], Transformers and state-
space models (e.g., Mamba) have enabled global context
modeling [59], [230], and foundation models now target
broad generalization across tasks and sensors [45], [168],
[184], [463], [468].

This rapid progress, however, has outpaced systematic
evaluation. New models are published at a rapid pace,
often benchmarked on small or proprietary datasets with
inconsistent protocols. While the broader EO community
has begun to address this through standardized benchmarks
such as PANGAEA [279], disaster mapping specifically still
lacks a comparable large-scale, cross-method evaluation
framework. Existing reviews in this domain have provided
useful overviews but remain limited in scope: most focus on
a single hazard type (e.g., floods [565] or earthquakes [99]),
a single modality (e.g., SAR [127], [565]), or exclusively
on deep learning methods [476], without bridging across
these dimensions. Although some general EO benchmarks
include individual disaster-relevant datasets such as flood
or burn scar mapping [279], [420], they treat disaster as
one application among many rather than systematically
addressing the diversity of hazard types, the extent-damage
task distinction, cross-modal operational settings, and the
full methodological spectrum from classical approaches to
foundation models. Key questions specific to this domain
therefore remain open. Which methods generalize reliably
across hazard types, sensors, geographic regions, and op-
erational constraints? How do performance patterns change
between SAR, optical, and multimodal settings? What trade-
offs emerge among accuracy, computational cost, and de-
ployment readiness? Without such domain-specific bench-



marks, selecting the right method for operational disaster
response remains an ad hoc decision.

This review goes beyond existing surveys by provid-
ing not only a systematic taxonomy but also a large-scale
quantitative benchmark of disaster mapping methods. We
argue that such an empirical analysis is essential to move the
field from methodological proliferation toward operational
maturity. We first define a taxonomy of disaster mapping
tasks, distinguishing between disaster extent mapping and
infrastructure damage mapping. Subsequently, we bench-
mark over 30 methods, spanning traditional remote sensing
techniques, CNNs, Transformers, and foundation models,
under a unified evaluation protocol across 13 datasets cov-
ering diverse hazards, sensors, and mapping tasks. The
primary contributions are:

e A systematic review and taxonomy from traditional
to foundation model paradigms, accompanied by a
consolidated resource of datasets and codebases to
support reproducible research.

o The first large-scale benchmark dedicated to disaster
mapping that evaluates over 30 methods spanning
traditional, deep learning, and foundation model
paradigms across distinct hazard types, mapping
tasks, and sensor modalities under a unified proto-
col, providing an evidence-based guide for method
selection.

e An empirically grounded roadmap identifying per-
sistent challenges and priorities for developing dis-
aster mapping solutions that are robust, scalable, and
aligned with global resilience objectives.

2 ScCOPE AND TAXONOMY OF DISASTER MAPPING
TASKS

This review covers major natural hazards, including earth-
quakes, tsunamis, floods, wildfires, severe storms, volcanic
eruptions, and landslides, as well as anthropogenic disasters
such as armed conflicts and large-scale explosions. The latter
are included because their damage signatures in the built
environment are functionally analogous to those of natural
hazards and are addressed by the same class of methods.
We focus exclusively on post-event mapping: methods that
characterize the physical manifestations of an disaster event
from EO data, namely its spatial extent and the resulting
damage to built assets. Pre-event tasks such as susceptibility
modelling [356] or risk assessment [7], during-event moni-
toring, and niche post-event applications such as population
displacement estimation [265] or infrastructure accessibility
analysis [214] are not covered. Similarly, upstream pre-
processing steps essential for operational pipelines, such
as atmospheric correction [454], [455], cloud and shadow
screening [342], [579], [580], and image co-registration [112],
are prerequisites for the mapping methods reviewed here
but are not themselves covered.

Our literature search mainly covers peer-reviewed arti-
cles and major conference proceedings published between
2005 and 2025, drawn from leading venues in remote sens-
ing (e.g., RSE, ISPRS | P&RS, IEEE TGRS) and computer
vision (e.g., CVPR, ICCV). Search terms combined “disaster

mapping”, “remote sensing”, and “Earth observation” with
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specific hazard types. The initial search returned approxi-
mately 25,000 records. Fig. 3 shows a twelve-fold increase
in annual output over this period, with growth accelerating
markedly after 2018, coinciding with the maturation of deep
learning frameworks and the expanding availability of open
satellite imagery. According to Fig. 3, flood-related studies
account for the largest share (25%), followed by landslides
(16%), and earthquakes (12%), broadly reflecting the global
frequency and data availability for each hazard type.

Organizing this review by hazard type alone would ob-
scure the fact that underlying algorithmic challenges often
transcend specific disasters. Delineating a flood boundary
is functionally similar to mapping a burned area or a lava
flow: all are segmentation tasks over amorphous regions.
Likewise, assessing building damage from an earthquake
and from an armed conflict share the same objective. We
therefore structure this review around a functional taxon-
omy of mapping tasks. Based on our survey, the large
majority of EO-based post-disaster mapping efforts fall into
two categories:

o Disaster extent mapping concerns the spatial foot-
print of a hazard’s impact on the landscape, such as
flood inundation, wildfire burned areas, or landslide
deposits. The core task is semantic segmentation of
the affected area.

o Infrastructure damage mapping concerns damage to
the built environment, such as building collapse after
earthquakes [5], [58], road and bridge damage [346],
or structural destruction from conflict [97]. The core
task is detection and classification of discrete dam-
aged objects.

This task-driven taxonomy enables more direct compar-
ison of methods, since a model’s suitability depends pri-
marily on the nature of the mapping target (landscape-scale
extent versus discrete infrastructure) rather than the specific
hazard that caused the damage. In practice, these two task
families are not strictly disjoint. The increasing availabil-
ity of global building footprint datasets means that per-
building damage assessment can be approximated by per-
forming landscape-scale semantic segmentation and inter-
secting the result with existing footprints [283], [292]. Nev-
ertheless, the distinction remains methodologically mean-
ingful: dedicated damage mapping architectures explicitly
model object-level context, multi-level damage grading, and
structural cues that a simple intersection cannot capture,
particularly for partial damage categories or buildings ab-
sent from existing inventories.

It is also worth noting that disaster extent mapping
can be viewed as a special case of abrupt land distur-
bance detection, a framing that connects it to continuous
change monitoring research [581]. While a full treatment
of continuous change detection is beyond our scope, the
conceptual link is relevant. The same principles of baseline
modelling and anomaly detection underpin both ecological
disturbance monitoring and post-disaster extent mapping.

3 PROGRESS IN DATA FOR DISASTER MAPPING
TASKS

A review of methods is incomplete without examining the
data that drive their development and evaluation. In the
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Fig. 2. The diversity of disaster mapping as observed by multi-platform, multi-modal Earth observation. The figure illustrates representative hazard
types and their characteristic signatures across three observation scales: spaceborne, airborne, and ground-level. Disaster extent mapping tasks
include early fire detection via thermal infrared anomalies, burned area delineation from multi-spectral imagery (MSI), and flood inundation mapping
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Image sources: Thermal IR and MSI wildfire imagery © ESA/Sentinel; MSI/PolSAR flood imagery © ESA/Sentinel; optical/SAR earthquake imagery
is from [58]; MSI/PolSAR landslide imagery © ESA/Sentinel; oblique UAV tornado imagery is from [69]; street-view hurricane imagery is from [224];

LiDAR earthquake imagery is from [72].
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Fig. 3. Number of publications in the last two decades based on the Web
of Science Core Collection database and obtained by searching key-
words: “Earth observation”, “remote sensing”, “post-disaster mapping”,
and different disaster types.

deep learning era, large-scale annotated datasets are cen-
tral to both architectural innovation and performance as-
sessment. Rather than attempting an exhaustive catalogue,

we focus on the de facto benchmarks and dominant data
sources that define current performance baselines for each
task. The discussion follows the task taxonomy established
in Section 2.

3.1 Disaster Extent Mapping

Disaster extent mapping aims to delineate the spatial foot-
print of hazard impacts on natural and semi-natural sur-
faces. We organize the dataset review by hazard category,
as this aligns with how researchers typically search for
benchmarks, while noting that many hazards that are geo-
physically distinct produce similar observable signatures
in EO data. We present dedicated subsections for flood,
wildfire, and mass-movement-related geomorphic change,
which together dominate current benchmark development
for disaster extent mapping. Hazards whose primary EO
formulation is atmospheric monitoring [355], [559] or slow-
onset environmental assessment [197], [297], [423], such as
storms and droughts, are not reviewed as separate extent-
mapping categories here because they do not typically
produce a discrete post-event surface footprint comparable



TABLE 1

Representative open disaster extent mapping datasets. Within each hazard type, datasets are grouped by dominant modality or task regime and
sorted by publication year.

Hazard type  Dataset Modality Sensor/Platform GSD (m/px)  Temporal Events Tiles
GLOBALFLOODDATABASE [426]  Multispectral MODIS 250 Multitemporal 913 12,719
WORLDFLOODS [284] Multispectral Sentinel-2 >10 Post-event 119 185,574
MIDWESTERN USA [188] Multispectral Planet 3 Multi-temporal 1 500
SEN1FLOODS11 [39] SAR Sentinel-1 10 Post-event 11 4,831
UNOSAT [312] SAR Sentinel-1 10 Bi-temporal N/A 58,128
ETCI2021 [309] SAR Sentinel-1 5x20 Post-event N/A 66,810
S1GFLOODS [370] SAR Sentinel-1 10 Bi-temporal 46 5,360
URBANSARFLOODS [567] SAR Sentinel-1 20 Bi-temporal 18 8,879
SEN12-FLOOD [348] Multispectral, SAR Sentinel-1, Sentinel-2 >10 Multi-temporal N/A 336

Flood OMBRIA [100] Multispectral, SAR Sentinel-1, Sentinel-2 10 Bi-temporal 23 1,688
GF-FLOODNET [560] Multispectral, SAR GF-2, GF-3 1.5-5 Bi-temporal 8 13,388
CAU-FLoOD [159] Multispectral, SAR Sentinel-1, Sentinel-2 10 Bi-temporal 18 18,302
FLOODPLANET [561] Multispectral, SAR PlanetScope, ~ Sentinel-1, ~ 3-10 Post-event 19 366

Sentinel-2
STURM-FLOOD [319] Multispectral, SAR Sentinel-1, Sentinel-2 10 Post-event 60 24,277
MMFLOOD [304] SAR, DEM Sentinel-1, DEM 20 Post-event 95 8,522
KURO S1woO [42] SAR, DEM Sentinel-1, SRTM >10 Bi-temporal 43 67,490
DFC2024 [332] Multispectral, SAR, DEM,  Sentinel-1, Sentinel-2,  10-90 Post-event N/A 2,888
land-cover map Landsat series, DEM
DEEPFLOOD [111] RGB, SAR UAV, Sentinel-1 0.015-10 Post-event 4 20,593
MCD64A1 C6 [136] Optical MODIS Terra/Aqua 500 Multi-temporal ~ Global N/A
S2-WCD [449] Multispectral Sentinel-2 L1C 10 Bi-temporal 25 41 pairs
FLOGA [377] Multi-modal Sentinel-2, MODIS 20 Bi-temporal 326 1,167
MODIS MOD14 [200] Thermal MODIS Terra 1,000 Multi-temporal ~ Global N/A
VIIRS 375M AF [376] Thermal VIIRS S-NPP 375 Multi-temporal ~ Global N/A
HiMAWARI-8 AHI AF [514] Thermal Himawari-8 AHI 2,000 Multi-temporal ~ Asia-Pacific =~ N/A
SENTINEL-3 SLSTR AF [513] Thermal Sentinel-3 SLSTR ~1,000 Multi-temporal ~ Global N/A
LANDSAT-8 ACTIVE FIRE [92] Optical, Thermal Landsat-8 OLI/TIRS 30 During-event Global 146,214
WILDFIREDB [400] Multi-modal VIIRS, LANDFIRE 375 Multi-temporal ~ N/A 2,367,209
e NDWS [176] Multi-modal MODIS, GRIDMET, VIIRS, 1,000 Multi-temporal ~ N/A 18,545
Wildfire SRTM
WILDFIRESPREADTS [131] Multi-modal VIIRS, MODIS, GRIDMET, 375 Multi-temporal 607 13,607
GFS, SRTM
SEASFIRE [202] Multi-modal ERA5, MODIS, CAMS, ~27,500 Multi-temporal ~ Global N/A
FireCCI, GFED, NOAA
WSTS+ [219] Multi-modal VIIRS, MODIS, GRIDMET, 375 Multi-temporal 1,005 24,462
GFS, SRTM
FIRE DETECTION 360 [29] RGB (Omnidirectional) UAV N/A During-event N/A 150
FLAME [383] RGB, thermal UAV N/A During-event 1 2,003 seg.
BURNEDAREAUAYV [359] RGB DJI Phantom 4 Pro ~0.03 During-event 1 249
LANDSLIDE4SENSE [134] Multispectral, DEM Sentinel-2, ALOS PALSAR 10 Post-event 4 4,844
HR-GLDD [293] Multispectral PlanetScope 4 Post-event 13 1,758
GVLM [558] RGB Google Earth 0.59 Bi-temporal 17 7,596
CAS LANDSLIDE [516] Optical WorldView2/3, Sentinel-2, 0.5-5 Post-event 9 20,865
Landslide PlanetScope, SuperView-1,
GF-1, Landsat, UAV
MRGSLD [104] Multispectral, DEM Sentinel-2, ALOS PALSAR 10 Post-event 21 5,995
LANDREF [323] Multispectral, SAR, DEM Sentinel-1, Sentinel-2, 10 Bi-temporal 28 5,995

TanDEM-X

to inundation, burned area, or mass-movement depositsz.
Tables 1 collate key open-access benchmarks discussed in
this subsection.

3.1.1 Surface Water and Inundation

Flood inundation mapping, encompassing riverine floods,
flash floods, coastal storm surges, and tsunami inundation,
benefits from the most mature data ecosystem among dis-
aster extent tasks. This maturity reflects two factors: the
availability of scalable open EO data (particularly Sentinel-
1 and Sentinel-2), and the relatively distinct spectral and
backscatter signature of open water, which enables consis-
tent labelling across diverse regions.

2. This does not imply that EO data are unimportant for storms
or droughts. Storm-related research often relies on meteorological
satellites and radar for monitoring and nowcasting, while drought
studies commonly use vegetation indices, soil moisture, and hydro-
meteorological data cubes for continuous monitoring and forecasting.
These formulations are adjacent to, but distinct from, the post-event
spatial footprint mapping tasks reviewed in this subsection.

Early benchmarks were built on medium-resolution op-
tical archives. WorldFloods [284], for example, provides 10
m Sentinel-2 imagery and labels for 119 flood events world-
wide and remains a common reference for cross-region eval-
uation. Because major floods frequently coincide with cloud
cover and adverse illumination, SAR-based benchmarks
have become essential for rapid response mapping [462].
A growing number of datasets are built around Sentinel-
1, spanning post-event collections [39], [298], [304] and
paired pre/post-event resources [312], [370], [567]. Among
these, URBANSARFLOOD [567] is notable for introducing
an urban-oriented label taxonomy (non-flooded, flooded open
area, flooded urban aren), reflecting the distinct observational
characteristics of inundation in built-up environments.

The current frontier has shifted from single-modality
archives to analysis-ready multi-source data cubes that
address observational gaps through two strategies. Multi-
sensor fusion combines distinct EO modalities (typically
optical and SAR) to ensure all-weather coverage. Phys-
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ical and semantic augmentation incorporates static pri-
ors such as DEMs, hydrography, and land-cover maps
to constrain water accumulation and distinguish tran-
sient flooding from permanent water bodies. Represen-
tative multi-source datasets include SEN12-FLOOD [348],
OMBRIA [100], FLOODPLANET [561], CAU-FLOOD [159],
and competition-style releases [332]. Several benchmarks
also refine label semantics for cross-region portability. For
instance, KUROSIWO [42] introduces a dedicated permanent
water class to decouple long-standing water bodies from
transient inundation. To bridge the resolution gap in com-
plex urban scenarios, a small number of datasets leverage
VHR optical or UAV imagery as high-fidelity validation
sources [111], [347], complementing the dominant satellite-
based baselines.

3.1.2 Burned/Disturbed Land Surface

Wildfire mapping differs from most other hazards in that
its observable signature evolves through distinct phases,
giving rise to three dataset regimes: (i) early-stage active
fire detection based on thermal anomalies, (ii) burned area
footprint mapping based on surface reflectance change, and
(iii) short-horizon fire progression mapping® using multi-
temporal data cubes that combine EO with environmental
covariates.

For early-stage detection, the primary signal is intense
thermal emission. Because fires are highly dynamic, tem-
poral resolution is prioritized over spatial detail. Most
benchmarks in this regime are anchored to global opera-
tional products from moderate-resolution sensors, including
MODIS [200], VIIRS [376], and Himawari-8 [514], which
provide daily monitoring through contextual brightness-
temperature thresholding. Complementary thermal prod-
ucts from other missions further extend global coverage and
detection sensitivity, e.g., Sentinel-3 SLSTR [513]. Landsat-
8 extends detection to 30 m resolution by combining re-
flectance and thermal bands [92], while SEN2FIRE [515]
integrates Sentinel-2 multispectral imagery with Sentinel-5P
aerosol products. At finer scales, UAV-based benchmarks
such as FLAME [383] support flame-level detection that
coarse sensors cannot resolve.

Once the fire front passes, the task shifts to delineating
burned scars from surface reflectance changes, with NIR
and SWIR bands being particularly informative. Medium-
resolution optical archives (Sentinel-2, Landsat) consti-
tute the primary data source. Early datasets were lim-
ited to single events [266], [5560], but several large-scale
benchmarks with expert-annotated pixel-level masks have
since emerged [282], [377], [449], and automatic global
burned-area mapping algorithms have been developed us-
ing Sentinel-2 and active fire data [30]. Complementary
UAV datasets and single-event studies also support method
development in specific scenarios [359], [434], [450]. At
global scale, long-running burned-area products [136] are
frequently used as proxy ground truth for training and
evaluation. When smoke or cloud cover degrades optical

3. Although this review is centered on post-event mapping, we
include a small number of next-day wildfire extent prediction studies
as a boundary case because they are methodologically adjacent to EO-
based extent mapping.
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observations during active burning, SAR provides a practi-
cal alternative, with Sentinel-1 serving as the most accessi-
ble platform and longer-wavelength systems (e.g., ALOS-2)
offering complementary sensitivity to vegetation-structure
change [1]. However, SAR-based wildfire benchmarks re-
main less standardized than their optical counterparts, with
most studies limited to small numbers of events [28], [266],
[556], [557]-

Since wildfire is a sustained, rapidly evolving process, an
important task extends beyond scar delineation to forecast-
ing short-horizon progression (e.g., next-day spread). This
requires multi-temporal data cubes rather than single im-
ages. The Next Day Wildfire Spread (NDWS) dataset [176]
is the foundational benchmark, providing temporally in-
dexed samples over numerous U.S. fire events with multi-
source covariates. Subsequent datasets have expanded to-
ward richer time-series inputs and more explicit multi-
modal conditioning [131], [219], [541], while analysis-ready
datacube products consolidating climate, land-surface, and
fire-product variables support next-day to seasonal-scale
forecasting [202], [335].

3.1.3 Mass Movement Deposits and Geomorphic Change

This category covers hazards that displace and deposit
material across the landscape, including landslides, vol-
canic eruptions (lava flows, pyroclastic deposits), and snow
avalanches. Unlike water or fire, which produce distinct
spectral or thermal anomalies, these hazards are identified
primarily through geomorphic and textural disruption. The
displaced material often shares a similar spectral signature
with surrounding bare ground or snow, making detection
dependent on topographic context and structural change
rather than spectral contrast. Among the three, landslides
have received the most attention in the EO community
and are the only hazard type with established large-scale
benchmarks.

Benchmark construction first matured around medium-
resolution optical archives (Sentinel-2 class), where
wide coverage enables multi-event curation but lim-
its the minimum mappable landslide size [52]. LAND-
SLIDE4SENSE [134] is a milestone benchmark in this regime,
providing globally distributed events with co-registered op-
tical and topographic layers (DEM, slope). MRGSLD [104]
further expands geographic scope, enabling evaluation of
cross-region generalization. To capture smaller slope fail-
ures, several benchmarks leverage VHR optical imagery,
with HR-GLDD [293] and GVLM [558] being promi-
nent examples. While optical data remain dominant, re-
cent resources emphasize paired optical-SAR availability.
For instance, the Landslide Reference Data [323] curates
masks with co-temporal Sentinel-1 and Sentinel-2 coverage,
supporting benchmarking under all-weather constraints.
Deformation-sensitive modalities such as InSAR time se-
ries [53], [477] and airborne LiDAR [182], [453] provide com-
plementary evidence for slow-moving slopes and canopy-
obscured failures, but these resources are typically released
as event-specific collections rather than standardized open
benchmarks, limiting their role in community-wide evalua-
tion.

Volcanic eruptions and snow avalanches produce analo-
gous deposit signatures in EO data (lava flows, pyroclastic



TABLE 2
Representative open infrastructure damage mapping datasets. Within each platform group, datasets are sorted by publication year.

Platform  Dataset Modality GSD (m/px)  Temporal Disaster type Events  Tiles Target (Damage level)
ABCD [120] RGB 0.4 Bi-temporal ~ Tsunami 1 10,777  Building (2 grades)
ADBD [65] RGB 0.5 Post-event Hurricane 1 3,600 Building (2 or 5
grades)
XBD [151] RGB <0.8 Bi-temporal ~ Earthquake, tsunami, 19 11,034  Building (4 grades)
wildfire, flood, storm,
° volcano
g SPACENET-8 [178] RGB 0.3-0.8 Bi-temporal ~ Flood 3 1,207 Building (2 grades),
2 road (2 grades)
é HAITIBRD [244] RGB 0.5 Bi-temporal ~ Earthquake 1 20 Building (4 grades),
2] road (2 grades)
IDA-BD [205] RGB 0.5 Bi-temporal =~ Hurricane 1 87 Building (4 grades)
QQB [416] RGB,SAR  0.35 Bi-temporal ~ Earthquake 1 4,029 Building (2 grades)
EBD [482] RGB 0.3-0.5 Bi-temporal ~ Earthquake, flood, 12 18,215  Building (4 grades)
storm, volcano
BRIGHT [58] RGB,SAR  0.3-1.0 Bi-temporal = Earthquake, wildfire, 14 4,246 Building (3 grades)
flood, storm, volcano,
armed conflict, explo-
sion
DORIANET [69] RGB N/A Post-event Hurricane 1 2,409 Building (5 grades)
FLOODNET [347] RGB 0.015 Post-event Flood 1 2,343 Building (2 grades),
road (2 grades)
2 ISBDA [578] RGB N/A Post-event Hurricane, tornado 6 1,030 Building (3 grades)
E FLOOD-31 [193] RGB 0.05 Post-event Flood 1 17,065  Building (2 grades),
g road (2 grades)
RESCUENET [346] RGB N/A Post-event Hurricane 1 4,494 Building (4 grades),
road (2 grades)
CRASAR-U-DROIDS [277] RGB 0.02-0.13 Post-event Hurricane, tornado, 10 18,780  Building (4 grades)
volcano, wildfire,
tower collapse
CRrISISMMD [13] RGB, text N/A Post-event Earthquake, hurricane, 7 16,097  Building (3 grades),
wildfire, flood road (3 grades), bridge
2 (3 grades)
§ MEDIAEVAL-2018 [36] RGB 0.3-30 Post-event Hurricane, flood 3 12,763  Road (2 grades)
© CVIAN [224] RGB N/A Post-event Hurricane 1 4,121 Building (3 grades)
MILTON [532] RGB N/A Bi-temporal ~ Hurricane 1 2,249 Building (3 grades)

deposits, debris fans, and avalanche runout zones) and are
detected through similar geomorphic and textural change
cues. However, both remain data-scarce relative to land-
slides. For volcanic mapping, most studies rely on event-
specific optical or SAR acquisitions without standardized
community benchmarks [51], [85]. Avalanche mapping has
progressed through optical inventory construction and SAR-
based debris detection [47], [102], [201], but existing datasets
are regional and not yet consolidated into open, community-
wide benchmarks. This absence of established benchmarks
for both hazard types represents a notable gap that limits
systematic method development and comparison.

3.2 Infrastructure Damage Mapping

While disaster extent mapping focuses on delineating the
perimeter of an affected area, infrastructure damage map-
ping demands finer-grained analysis, typically at the level
of individual buildings or critical facilities. Building damage
mapping dominates this category, given its direct relevance
to life-saving operations and emergency response [99], [127].
The datasets supporting this task are best understood by
platform, each corresponding to a different spatial scale and
assessment capability: satellite for wide-area coverage, air-
borne for high-fidelity detail, and ground-level for facade-
visible damage. Table 2 summarizes current open-access
benchmarks.

Satellite imagery is the most widely used source for
rapid, large-area damage assessment. Optical VHR sensors
are the natural starting point, as they depict scene re-
flectance in a human-interpretable way that supports object-
level damage analysis. Early datasets were typically limited
to single events [65], [186], [190], [228], [244], [430]. The
release of XBD [151] marked a major milestone as the first
large-scale, multi-hazard benchmark providing matched
pre- and post-event VHR optical images with building
footprints and multi-class damage labels. XBD catalysed
rapid progress in deep learning for bi-temporal damage
mapping, and subsequent datasets such as SPACENET-
8 [178] and EBD [482] have further broadened coverage.
However, optical sensors are rendered ineffective by cloud
cover, smoke, or darkness, conditions that are common in
the immediate aftermath of disasters. This operational gap
has driven growing interest in SAR, whose all-weather,
day-night capability is well suited to rapid post-event as-
sessment. At medium resolution, Sentinel-1 supports re-
gional damage estimation [73], [97], [204], [287], while VHR
SAR satellites (e.g., TerraSAR-X, COSMO-SkyMed, Capella)
increasingly enable object-level analysis. Historically, high
cost and restrictive licensing limited VHR SAR studies to
isolated case studies [26], [64], [94], [211], [300], and op-
tical data remained superior for precise building localiza-
tion [5], [503]. The emergence of more open data policies
from new-generation SAR providers, together with these


https://github.com/gistairc/ABCDdataset
https://ieee-dataport.org/open-access/benchmark-dataset-automatic-damaged-building-detection-post-hurricane-remotely-sensed
https://xview2.org/dataset
https://spacenet.ai/sn8-challenge/
https://www.designsafe-ci.org/data/browser/public/designsafe.storage.published/PRJ-4169
https://www.designsafe-ci.org/data/browser/public/designsafe.storage.published/PRJ-3563
https://github.com/ya0-sun/PostEQ-SARopt-BuildingDamage
https://figshare.com/articles/figure/An_Extended_Building_Damage_EBD_dataset_constructed_from_disaster-related_bi-temporal_remote_sensing_images_/25285009/2
https://github.com/ChenHongruixuan/BRIGHT
https://www.designsafe-ci.org/data/browser/public/designsafe.storage.published/PRJ-3278
https://github.com/BinaLab/FloodNet-Supervised_v1.0
https://github.com/zgzxy001/MSNET
https://ieeexplore.ieee.org/document/10275071
https://github.com/BinaLab/RescueNet-A-High-Resolution-Post-Disaster-UAV-Dataset-for-Semantic-Segmentation
https://huggingface.co/datasets/CRASAR/CRASAR-U-DROIDs
https://crisisnlp.qcri.org/crisismmd.html
https://github.com/jorgemspereira/MediaEval2018-Image-Downloader
https://github.com/tum-bgd/CVDisaster
https://github.com/rayford295/Bi-Temporal-StreetView

complementary strengths, has motivated the construction
of multimodal benchmarks [4], [5], [58], [416]. The BRIGHT
dataset [58] is the key benchmark in this category: the first
open-access, globally distributed, multi-hazard dataset pro-
viding matched VHR optical-SAR pairs for building damage
mapping.

Airborne platforms, particularly Unmanned Aerial Ve-
hicles (UAVs), provide ultra-high-resolution imagery (<0.1
m) from closer vantage points. Crucially, oblique photogra-
phy captures building facades, revealing structural damage
such as wall cracks and partial collapses that are invis-
ible from nadir satellite views [208], [278]. Event-specific
datasets including FLOODNET [347] and RESCUENET [346]
serve as key benchmarks, while recent multi-event collec-
tions [277], [333], [334], [578] signal a move toward broader
coverage. Airborne LiDAR complements optical UAV data
by providing precise 3D measurements that can directly
quantify building height and volume changes, making it
uniquely effective for identifying collapse types missed by
2D analysis [285]. However, high acquisition costs limit
LiDAR to post-hoc fine-grained assessments rather than
rapid response; its coverage is concentrated in high-income
countries, and no standardized large-scale LiDAR bench-
mark currently exists [119], [153], [187], [220], [226], [458],
[450], [575].

Ground-level data, primarily street-view imagery, pro-
vide detailed perspectives on facade and interior damage
that are invisible from overhead platforms. This makes them
highly complementary to satellite and airborne views, par-
ticularly for light-to-moderate damage assessment and long-
term recovery monitoring [224], [507]. Data sources range
from structured platforms such as Google Street View* and
Mapillary® to unstructured social media imagery used for
rapid real-time analysis [8], [13], [317]. However, existing
benchmarks remain small-scale and typically cover single
events in developed countries [224], [518], [532], [544].

A critical distinction from extent mapping is the need
for multi-level damage classification. Rather than binary
labelling (e.g., flooded vs. not flooded), infrastructure damage
mapping requires categorizing structural condition across
a graded scale (e.g., no damage, minor damage, major dam-
age, destroyed). A significant challenge is the absence of
a universally adopted standard. Multiple scales coexist,
from engineering-focused systems such as the European
Macroseismic Scale (EMS-98) [144] and the AIJ scale [320]
to simplified 3-to-5-level schemes developed for EO bench-
marks [5], [58], [151]. This diversity complicates cross-
dataset comparison and model generalization. The annota-
tion process itself introduces further inconsistency: damage
interpretation depends strongly on sensor resolution and
viewing angle. Manzini et al. showed that satellite-derived
labels systematically under-report damage, particularly for
minor damage categories, which are often invisible from a
top-down perspective but clearly visible in UAV imagery,
with inter-platform disagreement reaching 29% [278]. This
highlights a fundamental challenge in establishing unified
ground truth for multi-platform damage assessment.

It is worth noting that global building footprint datasets

4. https:/ /www.google.com/streetview /
5. https:/ /www.mapillary.com
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have reached a maturity that enables their routine use
as ancillary inputs. Products from OpenStreetMap [321],
Microsoft Building Footprints [294], Google Open Build-
ings [401], and Overture Maps [324] now cover large parts
of the inhabited world, providing the geometric priors that
underpin both footprint-intersection pipelines and object-
level post-processing in damage mapping workflows.

3.3 Summarization

According to the preceding review, as well as the two
dataset summary tables (Table 1 and Table 2), disaster
extent mapping datasets are more often organized around
hazard-specific observables and sensing regimes, whereas
infrastructure damage datasets increasingly adopt hazard-
spanning designs centered on a shared object-level damage
target. Table 3 summarizes this benchmark landscape by
linking each hazard to its primary task, dominant modal-
ities, typical resolution regime, and benchmark maturity.
The resulting picture is uneven: floods are supported by
multiple large-scale open datasets, whereas volcanic de-
posits, avalanches, and armed conflict remain compara-
tively benchmark-scarce, limiting systematic method devel-
opment and cross-method comparison for these hazards.

Across these benchmarks, dataset design is primarily
driven by the effective mapping scale and the observability
of the target, leading to distinct sensor regimes for the two
task families. Disaster extent mapping is most commonly
supported by medium-resolution archives (10-30 m), typi-
cally Sentinel-1/2 and Landsat, where wide coverage and
frequent revisit enable scalable multi-event curation and the
key requirement is separating a surface state rather than
resolving fine geometry. Infrastructure damage mapping is
predominantly benchmarked with VHR observations (often
<1 m) from commercial satellites or airborne platforms,
where object-level interpretability is essential. Recent dam-
age benchmarks tend to be hazard-agnostic, encompass-
ing earthquakes, storms, and fires within a single dataset,
because reliable damage assessment depends on spatial
resolution and annotation granularity rather than hazard-
specific spectral signatures. These regimes are not rigid:
VHR data are increasingly used for boundary-critical extent
mapping in complex settings, while moderate-resolution
data can support coarse damage screening, suggesting that
resolution is best understood as a dataset design choice
rather than a strict task-level constraint.

Despite these differences, benchmark development
across both tasks shows three converging trends:

o From single-event case studies to multi-event, ge-
ographically diverse collections with standardized
splits, enabling more meaningful evaluation under
cross-region and cross-event domain shift.

o From single-sensor inputs to analysis-ready multi-
source stacks that mitigate clear-sky limitations and
contextual ambiguity. Optical-SAR pairing is now
common for all-weather response, while many extent
benchmarks treat imagery combined with terrain or
thematic priors as a canonical input configuration.

o From static snapshots to temporally indexed data
that include pre-event baselines or time-series stacks,
enabling change-aware mapping and, in domains


https://www.google.com/streetview/
https://www.mapillary.com

TABLE 3

Typical EO sensor—task regimes across major disaster scenarios. The table summarizes dominant settings reported in the literature rather than
strict rules; exceptions and hybrid configurations exist, especially in urban, multimodal, or high-resolution studies. Benchmark maturity is indicated
as e e o (multiple large-scale open benchmarks), ee (some benchmarks with limited coverage), and e (few standardized benchmarks).

Hazard Primary observable

Primary task

Key modalities

Typical resolution

Typical temporal

Benchmark maturity

Flood
tion, NIR absorption)
Thermal emission

Surface reflectance change

Wildfire (active)
Wildfire (burned
area)

Wildfire (spread) Multi-source dynamics

Water surface (specular reflec-

Extent

Extent (detection)
Extent

Extent (prediction)

SAR, multispectral

Thermal IR
Multispectral, SAR

Multispectral, meteo-

Medium (10-30m)

Coarse (375-1000 m)
Medium (10-30m)

Coarse (375-1000 m)

Post / bi-
temporal

Multi-temporal
Bi-temporal

Multi-temporal

rology, DEM
Landslide Geomorphic disruption Extent Multispectral, DEM, Medium to VHR Post / bi- oo
SAR (0.5-10m) temporal
Volcanic deposits Surface deposition Extent Multispectral, SAR Medium (10-30m) Post / bi- .
temporal
Avalanche Snow deposit / surface rough- Extent SAR, multispectral Medium (10-30 m) Post / bi- .
ness temporal
Earthquake Structural collapse Damage VHR optical, VHR VHR(< 1m) Bi-temporal oo
SAR
Tsunami Coastal inundation + built dam- ~ Damage + extent VHR optical; SAR for ~ VHR to medium Bi-temporal / .
age inundation post
Storm / hurricane Flooded surface + built damage Damage + extent VHR optical, SAR VHR to medium Bi-temporal / oo
post-event
Armed conflict Structural destruction Damage VHR optica, VHR  VHR (< 1m) Bi-temporal .
SAR

such as wildfire, short-horizon progression forecast-
ing.

These evolving benchmarks have been instrumental in
enabling the transition from manual interpretation to au-
tomated, data-driven disaster mapping, and have in turn
driven the development of the approaches reviewed in the
following sections.

4 PROGRESS OF DISASTER MAPPING METHOD-
OLOGY

Methods for EO-based disaster mapping have evolved
substantially over the past two decades. Early efforts re-
lied on manual interpretation and sensor-specific, feature-
engineered pipelines whose performance depended on care-
fully designed indices, texture descriptors, and heuristic
rules. With the growth of benchmark datasets and com-
putational resources, the field has shifted toward learning-
based paradigms, culminating in end-to-end deep networks
that jointly learn representations and task-specific outputs
for segmentation, detection, and damage classification. We
review methods along this trajectory.

4.1 Traditional Methods

Before the widespread adoption of deep learning, disaster
mapping relied largely on a priori physical knowledge and
expert experience. The most fundamental approach is visual
interpretation, where trained analysts manually compare
pre- and post-event imagery to identify disaster impacts. It
remains a routine component of operational mapping, but
is subject to inter-analyst variability and becomes resource-
intensive at very large scales or under tight response win-
dows [99]. This limitation drove the development of auto-
mated methods for both continuous disaster extent mapping
and discrete infrastructure damage mapping. These meth-
ods are intrinsically tied to the sensor modality and, cru-
cially, to the availability of pre-event data. Fig. 4 summarizes
the core paradigms, workflows, and sensor-specific physical
mechanisms underlying traditional disaster mapping.

4.1.1 Bi-Temporal Methods

The bi-temporal paradigm leverages both pre- and post-
event acquisitions and is fundamentally a change detection
task. Its core strength lies in the ability to directly measure
physical differences in EO signals. Here, the meaning of
“change” differs by task. For extent mapping, the objec-
tive is to isolate a surface-state transition (e.g., dry-to-wet,
vegetated-to-burned), so pixel- or region-level change mea-
sures often suffice. For damage mapping, change must be
attributed to specific assets (e.g., buildings, roads) and in-
terpreted as a damage state, which typically requires object
localization, contextual constraints, and features sensitive to
structural integrity.

For optical data, bi-temporal comparison identifies im-
pacts through changes in spectral and textural properties.
For disaster extent mapping, the standard approach exploits
spectral contrasts that are diagnostic of specific surface-
state transitions: water indices for flood inundation [18],
[116], [194], [227], [291], [389], [511], burn-sensitive indices
(e.g., dNBR) for wildfire severity [209], [295], [344], and
vegetation-loss indicators for landslide delineation [82],
[118], [528], [562]. While effective in clear-view conditions,
these spectral approaches are sensitive to atmospheric con-
tamination, shadow, and mixed land-cover, which has mo-
tivated a range of scene-specific refinements. For infrastruc-
ture damage, textural and contextual cues become central.
Building collapse manifests as a transition from ordered, ho-
mogeneous textures to chaotic, heterogeneous patterns, and
features capturing edge regularity, morphological structure,
and shadow geometry have proven effective at distinguish-
ing damaged from intact structures [71], [75], [177], [353],
[566], [429], [451], [461], [553].

SAR offers all-weather, day-night imaging and pro-
vides complementary change signals rooted in microwave
scattering physics. Bi-temporal SAR analyses are typically
categorized into three types [127], [565]. Intensity-based
methods quantify changes in backscatter amplitude. For
flood mapping, open water acts as a specular reflector,
producing a pronounced backscatter reduction [78], [137],
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Fig. 4. Overview of the traditional paradigm for EO-based disaster mapping. Traditional pipelines can be grouped into bi-temporal change detection
and mono-temporal anomaly detection. The middle panel summarizes the dominant sensor mechanisms exploited by hand-crafted designs,
including optical, SAR, and LiDAR cues. The bottom panel illustrates the canonical workflow from analysis unit, to hand-crafted indicators, to
rule-based or shallow ML decisions, producing either extent maps or damage maps. Note that this schematic highlights common insights rather

than an exhaustive taxonomy.

[216], [254], [451]. For building damage, the key mechanism
is the loss of the dihedral (double-bounce) scattering formed
by vertical wall-ground structures, resulting in a character-
istic backscatter decrease [16], [75], [96], [138], [229], [252],
[286], [289], [290]. Wildfire and landslide responses are
more ambiguous, as backscatter changes depend on sensor
frequency, vegetation type, and terrain geometry [28], [173],
[175], [396], [403], [556]. Coherence-based methods measure
the phase correlation between acquisitions and are sensitive
to sub-pixel surface disruption. Both floods and landslides
cause strong decorrelation [409], [432]. For building damage,
SAR coherence has proven particularly valuable for detect-
ing moderate damage that remains invisible in intensity
data alone [11], [17], [38], [63], [117], [167], [251], [288],
[311]. This so-called Coherent Change Detection (CCD)
framework has become a standard approach for rapid post-
disaster damage assessment [425], [484], [486], [539], as ex-
emplified by the widely-used (and patented) Damage Proxy
Maps developed by NASA-JPL. To reduce false detections
driven by noise, recent works have exploited long time
series of coherence maps to establish robust pre-event base-
lines [11], [374], [375], [410], [530]. These large-scale, VHR-
independent approaches have gained particular traction for
monitoring damage in conflict zones, where they have been

widely adopted by humanitarian organizations and news-
rooms alike [374], [375]. Polarimetric methods (PolSAR)
leverage shifts in scattering mechanisms: a transition from
volume to surface scattering indicates vegetation removal
caused by wildfires or landslides [48], [142], [240], [318],
while a transition from double-bounce to diffuse scattering
indicates structural collapse [66], [191], [399], [485], [522].
In practice, combining these complementary feature types
consistently yields improved performance [1], [17], [128],
[388], [557].

LiDAR provides the most direct means of assessing
disaster impact through precise 3D elevation measurements.
Pre- and post-event point clouds (or derived surface mod-
els) are co-registered and differenced to produce elevation-
change maps. For mass movements, the resulting deple-
tion and accumulation zones enable volumetric estima-
tion of displaced material [40], [98], [436]. For wildfires,
canopy height model differencing quantifies vertical struc-
tural loss [357], and for floods, LiDAR is primarily used to
characterize post-event geomorphic change such as channel
erosion and deposition [6], [535]. For infrastructure damage,
the primary indicators are abrupt height loss (structural col-
lapse) and positive anomalies (debris accumulation), with
more advanced methods analyzing geometric properties



such as surface roughness and normal vector variance to
detect subtler deformations [119], [158], [305], [368], [540].

To overcome the limitations of any single sensor, multi-
modal methods fuse complementary data sources [76], [84].
In supervised settings, features from heterogeneous sources
are concatenated and classified using methods such as Sup-
port Vector Machines (SVM) or Random Forests (RF) [4].
However, for rapid disaster response, unsupervised ap-
proaches are especially valuable because they do not require
manual annotation. The central challenge is modality het-
erogeneity [60], which prevents direct pixel-level compari-
son between sensors. Three strategies have been developed
to address this: independent classification of each modality
followed by thematic map comparison [259], [465], [460],
though this is prone to error propagation [495]; modality
translation, which transforms one sensor’s imagery to re-
semble the other through regression or physical simula-
tion [46], [268], [418]; and feature transformation, which
projects both modalities into a shared latent space where
sensor-invariant relationships can be exploited [60], [417],
[419], [435], [459], [464]

Moreover, regardless of the core algorithm, ancillary
data is frequently integrated as a post-processing step to
refine the results. GIS vector maps of building footprints or
land cover are essential for defining the Region of Interest
(ROI), allowing algorithms to mask out irrelevant changes
(e.g., seasonal vegetation changes) and focus the analysis
exclusively on potential risk areas like urban infrastructure
or floodplains comparisons [121], [253].

4.1.2 Mono-Temporal Methods

When only post-event data are available, mapping relies
on recognizing affected states from a single acquisition. For
extent mapping, this is feasible when the hazard produces a
directly observable signal in the relevant EO modality (e.g.,
thermal emission from active fires, strong water absorption
in near-infrared bands). Damage mapping is inherently
more ambiguous because many damage signatures are indi-
rect and confounded by pre-existing urban heterogeneity.
Mono-temporal damage methods therefore place greater
emphasis on structural priors, seeking indicators such as
abnormal texture, loss of geometric regularity, and height
inconsistencies visible in the post-event scene alone.

For optical data, the approach depends on how distinc-
tive the spectral signal is. In extent mapping, the hazard
itself is often directly detectable. Active fires are identi-
fied through their strong thermal infrared emission using
contextual algorithms applied to moderate-resolution sen-
sors such as MODIS and VIIRS [200], [376]. Flood water
is segmented by exploiting its strong absorption in near-
and shortwave-infrared bands, typically through histogram-
based thresholding [31], [116], [291], [378], [394]. For in-
frastructure damage, however, spectral information alone
is insufficient because debris is spectrally similar to intact
concrete and asphalt. Methods instead rely on textural and
geometric anomalies: the transition from ordered roof pat-
terns to chaotic, high-entropy textures serves as a primary
indicator of collapse, often complemented by morphological
and edge-based features that detect the loss of linear struc-
ture in building footprints [148], [174], [413], [523], [534].
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For SAR, mono-temporal flood mapping exploits the
specular reflection of smooth water surfaces, which ap-
pear as distinctly dark regions in the radar image; the
task reduces to finding an optimal backscatter threshold to
delineate the inundation boundary [161], [280], [358]. For
infrastructure damage, the absence of a pre-event reference
demands more complex reasoning. Polarimetric decompo-
sition is central: structural collapse shifts the dominant scat-
tering mechanism from double-bounce (intact wall-ground
structures) to volume or diffuse scattering (rubble), provid-
ing a physically grounded damage indicator [233], [543].
Texture measures capturing spatial heterogeneity further
correlate with damage severity. These features are applied
either through comparison against simulated intact base-
lines from SAR simulators [27], [215] or as inputs to machine
learning classifiers [126], [140], [496], with several studies
demonstrating improved performance by fusing polarimet-
ric and textural cues [23]-[25], [545], [568].

For LiDAR, post-event 3D point clouds enable geomet-
ric analysis without a pre-event reference. Landslide de-
posits can be identified by their characteristic rough (“hum-
mocky”) surface texture, which contrasts with surrounding
smooth slopes, using roughness and slope variability met-
rics [41], [181]. For building damage, the primary indicator
is violation of planarity: intact roofs exhibit consistent, near-
horizontal surface normals, whereas collapsed structures
produce clusters of abnormal normals and high local cur-
vature [21], [217]. Surface roughness metrics further help
distinguish chaotic debris from smooth, intact surfaces [187],
[351], [352]. These geometric features are then classified
through either rule-based thresholds [21] or machine learn-
ing classifiers [351]. Several studies also demonstrate the
fusion of these various geometric cues for a more robust
classification of damaged structures [187], [351].

As with the bi-temporal case, mono-temporal methods
benefit from multi-modal fusion. Common configurations
include combining post-event optical imagery with SAR [4],
[75], [195], [411], [422], [467] or augmenting 2D imagery
with LiDAR-derived 3D information [4], [153], [448], [458],
[480]. In practice, hand-crafted features from each modality
are typically integrated at the feature level for rule-based
or shallow classifier decisions. Ancillary GIS data becomes
even more critical in the mono-temporal setting. Without
a pre-event reference, building footprint maps are often
essential to localize the analysis and prevent confusion
between debris and other spectrally or texturally similar
surfaces [187], [352], [371], [534].

4.1.3 Analysis Units and Classifiers

As EO data shifted toward higher spatial resolutions
and feature spaces grew more complex, simple pixel-level
thresholds proved insufficient. Two complementary ad-
vances refined the decision-making process: Object-Based
Image Analysis (OBIA), which operates on spatially coher-
ent units rather than isolated pixels, and Machine Learning
(ML) classifiers, which resolve nonlinear relationships in
high-dimensional feature spaces.

With increasing spatial resolution, pixel-based methods
often suffer from the “salt-and-pepper” effect, where in-
dividual pixels are misclassified due to local noise. OBIA
addresses this by first segmenting the image into spectrally



homogeneous regions (superpixels) or using GIS-derived
boundaries to define analysis units, and then computing
features per object [37]. For disaster extent mapping, OBIA
is used primarily to suppress spurious detections and en-
force spatial consistency, with several studies incorporating
hazard-specific segmentation rules (e.g., hydrographic con-
straints for flood boundaries [124], [198], [238], [276], [384],
[437], [452], slope-guided delineation for landslides [237],
[360], [412]) to recover more plausible boundaries. For in-
frastructure damage mapping, OBIA is particularly natural
because damage is fundamentally an object-level attribute.
Shape descriptors such as compactness, convexity, and rect-
angularity can assess whether a building’s geometric in-
tegrity has been disrupted. However, OBIA trades pixel-
level noise for a dependency on segmentation quality. When
object boundaries are well defined, OBIA suppresses spuri-
ous detections and enforces spatial consistency. When they
are not, for instance due to occlusion, shadow, or spectrally
ambiguous debris, errors in the initial segmentation propa-
gate into all downstream features [169].

While rule-based thresholding remains effective for spec-
trally distinctive targets such as open water or active fires,
it cannot capture the complex decision boundaries required
for building damage mapping or multi-modal feature fu-
sion. To handle high-dimensional engineered features, tra-
ditional workflows adopted supervised ML classifiers, most
commonly Support Vector Machines (SVM) [35], [70], [122],
[155], [189], [199], [228], [326], [573], [386], [490], Random
Forests and other ensemble methods [1], [15], [22], [30],
[52], [103], [105], [155], [210], [250], [301], [326], [386], [450],
and probabilistic models [242], [308], [344]. These classi-
fiers serve as integrators, synthesizing the physical knowl-
edge encoded in hand-crafted features into a final decision
boundary.

4.1.4 Summary

The traditional paradigm for EO-based disaster mapping
follows a common two-stage framework: (i) extracting
hand-crafted indicators from EO data, and (ii) applying rule-
based decisions or shallow classifiers to produce the final
map. Early approaches often rely on unsupervised heuristics
such as empirical thresholding, while later work increas-
ingly adopts supervised pipelines feeding engineered fea-
tures into conventional classifiers. Table 4 summarizes rep-
resentative approaches by their practical attributes, allowing
readers to identify which sensor-method combinations have
proven effective for specific mapping targets.

A key insight from this part’s literature review is that the
distinction between extent mapping and damage mapping
is particularly pronounced in the traditional paradigm. Tra-
ditional methods succeed when the target corresponds to a
separable physical state in the chosen modality. This condi-
tion is frequently met for disaster extent mapping, where the
goal is to delineate a surface-state footprint using relatively
direct cues such as spectral contrast, scattering difference, or
elevation change. Infrastructure damage mapping, by con-
trast, requires inferring the condition of discrete objects from
indirect evidence: collapse rarely produces a unique spectral
signature and instead manifests through changes in texture
regularity, roof geometry, shadow patterns, and scattering
mechanisms. As a result, traditional damage pipelines tend
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to be more object- and context-dependent, often requiring
building footprint priors, whereas extent mapping pipelines
are more threshold-driven.

More broadly, the traditional paradigm suffers from
fundamental limitations that hinder operational scalability.
Hand-crafted features are intrinsically tied to specific sen-
sors, modalities, and hazard types, requiring substantial
domain expertise to design and yielding models that gen-
eralize poorly. A workflow carefully tuned for one event
and acquisition geometry often fails when transferred to a
different setting. This case-specific nature, compounded by
the limited scale of training data available for traditional
classifiers, made it difficult to develop robust, broadly ap-
plicable solutions. These limitations directly motivated the
shift toward the end-to-end learning paradigms of deep
learning.

4.2 Deep Learning-Based Methods

The advent of deep learning, combined with the availability
of large-scale, multi-disaster datasets, triggered a paradigm
shift in disaster mapping. Unlike traditional approaches
that relied on disparate, hand-crafted features for different
targets, deep learning unified the field under a data-driven,
end-to-end framework. Both infrastructure damage assess-
ment and disaster extent mapping are now treated as pixel-
wise semantic prediction problems, where deep networks
learn hierarchical representations directly from raw EO data,
treating sensor modality and temporal configuration as flex-
ible inputs rather than rigid constraints. Fig. 5 provides an
overview. Given this interconnected landscape, we organize
this section along three axes: architectural evolution, fusion
strategy, and operational considerations.

4.2.1 From Classification to Segmentation

In the initial phase, deep learning for disaster mapping
was formulated as image classification. For discrete objects
such as buildings, the approach was object-centric: indi-
vidual building patches, cropped using ancillary footprint
data (e.g., from OpenStreetMap), were fed into standard
CNN classifiers (e.g., VGG, ResNet, DenseNet) to assign
a single damage label per building [26], [43], [132], [206],
[299], [315], [416], [427], [456], [527], [527]. While suitable
for rapid assessment, this two-stage workflow was limited
by the quality of ancillary footprints and lacked the spatial
granularity to delineate damage extent within individual
structures. For continuous hazard fields such as flood inun-
dation or landslide extent, early studies adopted a sliding-
window strategy, classifying one pixel at a time using its
surrounding patch [28], [154]. Although this produced pixel-
level outputs, it suffered from severe computational redun-
dancy and limited contextual modelling.

The release of large-scale, densely annotated
datasets [58], [151], [346], [347] enabled a shift from patch-
based classification to end-to-end semantic segmentation,
in which every pixel receives a label simultaneously.
The dominant framework is the encoder-decoder
architecture, with several design choices driven by the
specific requirements of disaster mapping. To handle
bi-temporal inputs, the encoder is commonly implemented
as a Siamese network with shared or partially shared



TABLE 4

Representative traditional methods for EO-based disaster mapping. The table summarizes dominant methodological patterns rather than
exhaustively listing all variants. Exceptions and hybrid pipelines exist.
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Temporal Primary Modality Key Clue Target Analysis Unit  Decision Reference
Spectral /water indices Extent (flood) Pixel Heuristic change rules [402]
Multispectral Burn indices Extent (wildfire) Pixel Heuristic change rules [295], [296]
Vegetation/soil spectral change Extent (landslide) Pixel Heuristic change rules [118], [562]
Spectral values Extent (landslide) Pixel Heuristic change rules [237]
Texture features Damage (building) Pixel Statistical classifier [353]
Optical VHR Morphological features Damage (building) Object Shallow ML (decision tree) [461]
Texture + spectral features Damage (building) Object Shallow ML (SVM) [228]
Shadow change Multi-level damage (building) ~ Object Heuristic thresholding [431]
Intensity Extent (flood) Pixel Heuristic change rules [79], [261]
Intensity, Coherence Extent (flood) Pixel Heuristic fusion [337]
Polarimetric features Extent (flood) Pixel Decomposition-based change analysis [44]
_ Intensity Extent (wildfire) Pixel Difference, ratio [173], [396]
g Coherence Extent (wildfire) Pixel Decorrelation analysis [1]
E) SAR Polarimetric features Extent (wildfire) Pixel Decomposition analysis [142]
& Intensity features Extent (landslide) Pixel Expert interpretation [303]
Intensity change Damage (building) Pixel Shallow ML (LDA) [289]
Coherence Damage (building) Object Heuristic change rules [167], [251]
Polarimetric Damage (building) Object Heuristic change rules [66]
Hybrid Damage (building) Object Rule-based thresholding [17]
3D shape descriptor Damage (building) Object Heuristic thresholding [158]
LiDAR Building point drifts Multi-level damage (building) ~ Object Heuristic thresholding [119]
Hand-crafted geometric features Multi-level damage (building) ~ Object Shallow ML (RF) [540]
Multispectral-SAR Cross-sensor structure consistency Extent (flood) Object Graphical model [417]
Multispectral-SAR Affinity matrix Extent (flood, wildfire) Pixel Shallow MLs [268]
Multispectral-SAR Intensity, coherence, spectral indices Extent (burned area) Pixel Shallow ML (RF) [11, [557]
SAR, DEM, Land-cover  Intensity, topographic consistency Extent (flood) Pixel Rule-based classification [338]
Optical, SAR, DEM Spectral value, SAR intensity, SAR coherence, height ~ Multi-level damage (building)  Pixel Shallow MLs [4]
Thermal IR Brightness temperature anomaly Extent (active fire) Pixel Contextual thresholding [200], [376]
Multispectral Post-fire spectral indices/features Extent (wildfire) Pixel Thresholding /Feature selection, RF [30], [450]
Optical VHR Texture, edge, and morphology features Multi-level damage (building) ~ Object Rule-based thresholding [523]
= Optical VHR Edge, gradient orientation Damage (building) Object Rule-based thresholding [534]
é Intensity features Extent (flood) Pixel Heuristic thresholding [239], [281]
g SAR Intensity features Damage (building) Object Shallow MLs [140]
é Polarimetry and texture features Multi-level damage (building) ~ Object Heuristic thresholding [568]
EO Scattering mechanism cues Damage (building) Object Expert interpretation [27]
LIDAR Roof geometry Damage (building) Object Heuristic thresholding [21]
Roof geometry, texture Damage (building) Object Unsupervised clustering [187]
Multispectral, DEM Spectral flood response Extent (flood) Pixel Shallow ML (AdaBoost) [31]
LiDAR, UAV Geometry + texture cues Damage (building) Object Shallow MLs (SVM, RF) [458]

weights, fusing features from pre- and post-event images
to explicitly model change [2], [5], [57], [59], [147], [160],
[316], [3771, [421], [449], [471], [479], [563], [571], [574]. The
decoder configuration reflects the output objective. For
disaster extent mapping, a single-branch decoder typically
suffices to produce a binary hazard mask [133], [255],
[266], [282], [359], [393], [434], [521]. For infrastructure
damage mapping, multi-task decoders are common, with
one branch generating a building localization mask and
another classifying damage grades, thereby reducing false
positives in complex urban backgrounds [57], [59], [571],
[574]. ChangeOS [571] exemplifies this design, coupling
a partial Siamese encoder with a multi-task decoder that
jointly localizes buildings and classifies damage within a
unified framework.

The performance of encoder-decoder segmentation mod-
els depends critically on the feature extraction backbone.
The field has followed the broader trajectory of computer
vision: early work adopted CNN architectures such as
UNet [5], [9], [132], [139], [151], [162], [225], [282], [392],
[434], [505], [549], [550], [556], [566], ResNet [132], [497],
[505], [556], [571], EfficientNet [77], [263], [385] and HR-
Net [55], [212], [246], [548], often enhanced with attention
mechanisms to refine feature representations [5], [9], [88],

[146], [218], [232], [246], [256], [377], [392], [470], [502],

[541], [549], [550]. However, CNNs are constrained by local
receptive fields, which limits their ability to connect spa-
tially disjointed damage patterns across large scenes. This
motivated the adoption of Transformer-based architectures

(e.g., Swin Transformer [88], [89], [129], [263], [408], [491],
[536], SegFormer [57], [230], [264]), which capture global
spatial context through self-attention [57], [89], [230], [263].

More recently, state-space models such as Mamba [145]
have emerged as an efficient alternative, offering global
modelling capability with linear computational complexity.
ChangeMamba [59] is a representative example, integrating
spatio-temporal scanning mechanisms to quantify damage
severity.

Decoder design has evolved in parallel. Multi-scale
feature aggregation through pyramid pooling and skip
connections has become standard practice for reconciling
global context with boundary precision [135], [207], [271],
[273], [302], [460]. Attention-based decoders have been
adopted to capture long-range dependencies and cross-
temporal correspondences [377], while Transformer de-
coders perform global feature modelling within the decod-
ing stage [423]. For temporal sequences, Recurrent Neu-
ral Networks (RNNs) and their variants, e.g.,, LSTM and
ConvLSTM, propagate evidence across time steps, a role
increasingly filled by Mamba-based decoders that achieve
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Fig. 5. Conceptual taxonomy of deep learning paradigms for EO-based disaster mapping. The figure summarizes a unified end-to-end dense
prediction view. Inputs can be multimodal EO, extended with complementary viewpoints and priors. The central panel decomposes deep models into
a macro architecture and interchangeable micro backbones as building blocks. The bottom panel highlights two core research frontiers: data fusion
and generalization strategies. Outputs and postprocessing span both pixel-level segmentation maps and object-level products. This schematic is
intended to distill dominant design patterns rather than enumerate all model variants.

comparable modelling with lower computational cost [59],
[149]. Graph neural networks have also been explored to
enforce neighbourhood consistency among detected ob-
jects [90], [180], [231], [379].

Beyond semantic segmentation, a subset of studies for-
mulates building damage mapping as object detection or
instance segmentation, localizing individual damaged struc-
tures with bounding boxes [512]. Architectures from the
YOLO and R-CNN families have been adapted for this
purpose [274], [481], [487], [537], [546]. For disaster extent
mapping, this paradigm is generally unsuitable for large
continuous fields but has found niche application in detect-
ing discrete, small-scale slope failures [438], [501].

In addition to architecture, practical advances in training
and post-processing have improved mapping quality. To
address the pervasive class imbalance in disaster datasets
(affected pixels are typically the minority), standard cross-
entropy loss is commonly supplemented by focal loss [91],
[471], [491], [536], dice loss [460], [471], [505], [536], [571] and
Lovasz-softmax loss [57]-[59], [166]. For post-processing,
probabilistic graphical models like Conditional Random
Fields (CRFs) are used to enforce spatial smoothness at the
pixel level [132], [329], [393], while object-level strategies
such as majority voting within building footprints ensure
that each structure receives a single, consistent damage
label [58], [160], [542], [571]. For disaster extent mapping,
rule-based filtering removes small spurious detections to
produce cleaner hazard maps [28], [30], [377].

4.2.2 From Unimodal to Multimodal

Deep learning for disaster mapping initially advanced along
unimodal tracks, shaped by data availability and label
maturity in each modality. Optical imagery has been the
dominant data source, driven by the availability of large-
scale annotated datasets [151], [188], [282], [284], [359], [377],
[558] that provided the labelled volume required to train
deep models. The optical domain has consequently served
as the primary testbed for architectural innovation, from
CNNs to Transformers and state-space models [57], [59],
[36], [147], [282], [377], [390], [392], [423], [449], [487], [571],
[574]. SAR has attracted parallel interest for its weather-
and daylight-independence and sensitivity to structural
geometry, with deep learning applied to damage quan-
tification [26], [203], [230], [325], [365], [529], burned area
mapping [28], [266], [556], and flood delineation [39], [135],
[185], [273], [470]. LIDAR-based deep learning remains com-
paratively scarce [6], [241], [509], [510], [535], with existing
studies predominantly adapting 3D deep architectures [6],
[241], [509], [510], [535], primarily due to the lack of large-
scale 3D benchmark datasets.

The field has increasingly shifted toward multimodal
fusion to mitigate sensor-specific failure modes and ex-
ploit complementary physical evidence. Deep learning is
particularly well-suited to this challenge. Unlike traditional
methods that struggled with heterogeneous data fusion,
deep networks can learn nonlinear cross-modal mappings
that bridge differences in imaging physics. Multimodal re-
search in disaster mapping can be organized around two



operationally motivated paradigms: (i) asymmetric fusion
across time, where pre- and post-event sensors differ, en-
abling rapid response with whatever data are available;
and (ii) synchronous fusion of concurrent modalities and
priors, enriching feature representations for more refined
assessment.

The asymmetric paradigm recognizes that the sensors
available before and after an event often differ. A widely
studied configuration pairs pre-event optical imagery with
post-event SAR, combining the semantic richness of optical
data with the all-weather observability of radar. Progress
has been uneven across tasks. For disaster extent mapping,
particularly flood inundation, the relatively large spatial
footprints and moderate resolution requirements have en-
abled scalable fusion pipelines, supported by established
Sentinel-1/2 datasets [100], [159], [319], [348]. For infras-
tructure damage mapping, the requirements are more de-
manding: accurate damage assessment typically requires
very high resolution imagery and object-level annotation,
while cross-modal co-registration tolerances are tighter.
Early studies consequently relied on private or small case-
specific collections [5], [416], [548], limiting reproducibility.
The release of the BRIGHT benchmark [58] marked an im-
portant milestone by providing an open, large-scale optical-
SAR dataset for building damage mapping with community
baselines. Architecturally, fusion strategies have evolved
from simple input concatenation to designs that explicitly
address cross-modal mismatch. Pseudo-Siamese encoders
with modality-specific parameters allow each branch to ac-
commodate the distinct statistical properties of optical and
SAR inputs [5], [556], [557]. Cross-modal attention modules
further improve robustness by conditionally aggregating
features across modalities and spatial context, which is
particularly valuable when pixel-wise correspondence is
unreliable due to geometric differences between sensors [5],
[159], [225], [538], [542], [554], [556], [582].

Alongside these supervised approaches, unsupervised
methods have seen a resurgence, modernizing the classic
paradigm with deep models. Generative Adversarial Net-
works (GANSs) [143], notably CycleGAN [577], are used
to translate imagery between domains to reduce modality
heterogeneity [223], [269], [472], while autoencoder-based
architectures map distinct modalities into a shared latent
space [61], [247]-[249], [500]. These unsupervised methods
have shown promise for disaster extent mapping, where
targets are spatially homogeneous, but remain limited for
infrastructure damage assessment where fine-grained dis-
crimination is required.

Synchronous fusion assumes that multiple data sources
are available within a similar post-event time window and
aims to enrich the representation for more detailed map-
ping. This paradigm serves both tasks. For extent mapping,
concurrent modalities help disambiguate complex surface
states. For damage mapping, they provide evidence beyond
rooftop appearance alone. The most common configuration
fuses post-event optical and SAR data to reduce ambiguity
in heterogeneous scenes, particularly in dense urban areas
where debris can be spectrally similar to intact surfaces.
Chen et al. [58] evaluated multiple architectures across sev-
eral disaster events and found that optical-SAR fusion con-
sistently outperformed optical-only baselines, even when

15

optical observations were relatively clean. Beyond semantic
complementarity, SAR provides a practical fallback when
optical coverage is degraded by clouds or smoke [28], [221],
[266], [372], [556], [557]. A second direction integrates ex-
plicit geometric information. For damage mapping, LiDAR-
augmented frameworks add 3D cues that improve sensitiv-
ity to structural deformation, including story-level collapse
patterns [245], [381], [457]. For extent mapping, elevation
priors regularize physically plausible footprints, such as
drainage-consistent inundation boundaries [49], [124], [306]
or slope-constrained deposit extents [255], [436]. An emerg-
ing direction combines overhead observations with ground-
level imagery to capture damage features that are weakly
observable from nadir views. Social media and street-view
imagery provide temporally dense, facade-level evidence
that can complement satellite-derived maps, whether by
validating and correcting omissions in flood products [267],
[362], [367] or by enabling fine-grained structural assess-
ment through cross-view feature alignment [224].

4.2.3 From Single-Event Fitting to Cross-Event Generaliza-
tion

Early deep learning studies for disaster mapping were typ-
ically developed, trained, and evaluated on a single event
or narrow region [315]. For the specific event studied, this
is not inherently problematic since a model tailored to one
disaster can produce highly accurate maps for that event.
However, this paradigm makes reported performance gains
difficult to interpret beyond the studied case, and offers no
guarantee that the same model will perform adequately on a
future event with different geographic, structural, or sensor
characteristics. The release of multi-event benchmarks [58],
[151], [558], [567] enabled a shift toward broader train-
ing and more reproducible comparison. However, strong
benchmark performance does not necessarily translate into
operational utility [58], [491]. In practice, models must be
deployed on a new disaster immediately, using only knowl-
edge from past events and with minimal or no new labelled
data. This exposes a persistent generalization gap shared
by both extent and damage mapping, though the dominant
sources of domain shift differ. For extent mapping, shift
is primarily driven by land-cover variability, seasonality,
and sensor/acquisition differences. For damage mapping,
visual manifestations vary drastically across hazard types,
construction materials, building typologies, and viewing
conditions.

Current research addresses this cross-event generaliza-
tion gap through two complementary paradigms: (i) adapt-
ing to the target event at deployment time, and (ii) broaden-
ing prior knowledge before deployment so that less adap-
tation is needed. The first paradigm exploits the fact that,
while labelled data for a new disaster are scarce, unlabelled
post-event imagery is typically abundant within hours. Un-
supervised domain adaptation methods [12], [179], [235],
[236], [243], [405], [478] bridge the distribution gap between
past training events and the incoming one by aligning
source and target feature representations without requiring
target labels. Semi-supervised [19], [234], [398], [482], [492]
and weakly supervised approaches [14], [336], [339]-[341]
further reduce the annotation barrier to cross-event transfer
by substituting dense pixel-level labels with pseudo-labels,
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TABLE 5
Summary of representative deep learning-based disaster mapping studies. Note that citations are categorized based on their primary
methodological contribution. MM-A: asymmetric fusion across time; MM-S: synchronous post-event fusion within a time window. N/A: there is no
relevant literature available.

Family Methodology Disaster Extent Mapping Infrastructure Damage Mapping
Optical SAR LiDAR MM-A MM-S Optical SAR LiDAR MM-A MM-S
° CNN [92], [222] [312], [566] [107] [159], [556] | [350], [393] [571] [26] [241], [509] [5] [363], [381]
E RNN [404] [39), [555] | N/A N/A [09, 1101 | N/A (5311 N/A (551 N/A
% GNN [90], [231] N/A N/A N/A N/A N/A N/A N/A N/A [180], [379]
E Transformer [272], [377] [370] N/A N/A [423] [57] [230], [529] N/A N/A N/A
Mamba [424] [488], [489] N/A [391] N/A [59] [166] N/A [542] [166]
5&3 Semi-supervised [307], [349] [234], [329] N/A N/A N/A [482], [492] N/A N/A [58] N/A
E Weakly supervised [460] [387] N/A N/A [39] [340] N/A N/A N/A N/A
éo Self-supervised [12], [449] [519] N/A [113] N/A [330], [504] N/A N/A N/A N/A
g Unsupervised [382] [196], [520] N/A [247], [270] N/A [428] [369] N/A [58] N/A
5 Transfer learning [282], [558] [123] N/A N/A [499] [125], [573] N/A N/A [225], [542] N/A
. Data-driven synthesis [114] N/A N/A N/A N/A [569] N/A N/A N/A N/A
Generation
Physics-based simulation [535] N/A N/A N/A N/A [406] [106], [164] N/A N/A N/A

point annotations, or image-level tags that can be collected
rapidly for the new event. The practical relevance of these
strategies for cross-event deployment was demonstrated in
the 2025 IEEE GRSS Data Fusion Contest [58], [331], [503]
and ESA ®-Lab Challenge [101], where winning solutions
showed that advanced pseudo-labelling can substantially
improve generalization to unseen events [225], [542].

The second paradigm seeks to reduce the domain gap
before a disaster occurs by exposing models to a broader
space of disaster appearances, so that an unseen event is
less likely to fall outside the learned distribution. Data
synthesis is a prominent direction: generative models such
as GANs [31], [33], [114], [143], [163], [327], [364], [405],
[414], [428], [565] and diffusion models [165], [171], [314],
[380], [569] can populate underrepresented corners of the
disaster appearance space, generating realistic post-event
imagery for hazard types, building typologies, or geo-
graphic contexts that are absent from existing archives. A
notable example is Neural Disaster Simulation (NeDS) [569],
which conditions synthetic post-event damage on pre-event
imagery of the target area, effectively producing a site-
specific training set before the event occurs. Physics-based
simulation provides a complementary route, using 3D city
models and physical engines to model structural failure
under controlled conditions and generate labels for scenar-
ios rarely captured in real observations [106], [164], [406],
[407], [540]. Song et al. [406], [407] demonstrated successful
transfer from such synthetic data to real unseen events
including the 2023 Hawaii wildfire and the 2023 Turkey-
Syria earthquakes. Self-supervised pretraining complements
these data-centric strategies from the representation side:
by learning general visual structures from large volumes of
unlabelled EO imagery, it provides an initialization that is
less brittle to domain shift and reduces the amount of event-
specific supervision needed for effective cross-event trans-
fer [330], [504], [526]. When scaled to massive and diverse
corpora, this line of work converges with the foundation
model paradigm discussed in Section 4.3.

4.2.4 Summary

The evolution of deep learning for disaster mapping can be
characterized along three trajectories. First, architecturally,

the field has moved from patch-based classification to pixel-
level semantic segmentation, driven by successive adop-
tion of CNNs, Transformers, and state-space models that
progressively improve contextual modelling in complex
post-disaster scenes. Second, in terms of input modality,
the paradigm has shifted from single-sensor dependence
to multimodal fusion. Modern frameworks bridge feature
heterogeneity across optical, SAR, LiDAR, and ground-
level sources, resolving semantic ambiguities while main-
taining all-weather operational capability. Third, the field
is moving beyond optimizing performance on single-event
benchmarks toward designing models that generalize across
hazards, regions, and sensors. This shift is reflected in eval-
uation protocols that explicitly simulate deployment con-
ditions, including leave-event-out testing [58], [331], [491],
few-shot adaptation [58], [469], and systematic studies of
how synthetic and semi-supervised signals improve perfor-
mance on unseen disasters [569].

Table 5 summarizes representative studies categorized
by their primary technical contributions, spanning architec-
ture families, learning strategies, and generation paradigms.
This organization aims to assist readers in quickly identi-
fying key references and grasping the fundamental ideas
required to apply these advanced techniques to specific
disaster mapping scenarios.

4.3 The Era of Foundation Model

The advances discussed above have pushed the boundaries
of disaster mapping, yet a fundamental limitation persists:
the paradigm remains largely task-specific, requiring sep-
arate training pipelines for different hazards, sensors, or
regions. Foundation Models (FMs) represent a departure
from this fragmented approach. Pre-trained on massive and
diverse datasets, FMs learn general-purpose representations
that can be adapted to diverse downstream tasks with
minimal fine-tuning. Current research explores this frontier
along two trajectories: (i) adapting general-purpose vision
models to EO disaster tasks, and (ii) developing models pre-
trained natively on EO data.

4.3.1 Adapting General Vision Foundation Models

The first trajectory leverages FMs from the computer vi-
sion domain, most notably the Segment Anything Model



(SAM) family [213], [354] and the DINO family [50], [322].
These models possess powerful, class-agnostic segmenta-
tion and feature extraction capabilities learned from bil-
lions of natural images. However, applying them directly
to disaster mapping faces a significant domain gap be-
tween ground-level photographs and overhead EO data. To
bridge this gap without full retraining, Parameter-Efficient
Fine-Tuning (PEFT) strategies such as Low-Rank Adapta-
tion (LoRA) [170] and visual prompt tuning [192] inject
lightweight learnable modules into frozen backbones, steer-
ing the model toward EO-specific semantics while preserv-
ing its pre-trained knowledge.

For disaster mapping specifically, SAM has been adapted
through visual prompting for building damage evaluation
on pre-/post-event image pairs [564], through dual-encoder
architectures that fuse terrain features for landslide map-
ping [525], and through LoRA-based tuning for SAR-based
flood and avalanche delineation [130], [483]. Beyond task-
specific adaptation, SAM has also been used as an exter-
nal prior for deployment-time generalization: generating
pseudo-labels of relevant structures that, combined with
test-time adaptation, enable damage detection in unseen
regions without target annotations [10], [552]. DINO-style
models have received less attention in disaster contexts
but show promise: their self-supervised embeddings can
localize damage regions even in zero-shot settings [172],
and recent work has explored DINOv2-based domain gen-
eralization for post-disaster infrastructure assessment [141].
Applications to extent mapping with DINO features re-
main sparse and largely limited to high-resolution UAV
imagery [93].

Despite these encouraging results, general vision FMs
are trained predominantly on RGB ground-level imagery
and can struggle with EO-specific characteristics, particu-
larly non-optical modalities. SAR backscatter, LIDAR ge-
ometry, and multispectral bands lie outside the training
distribution of internet-scale pretraining, motivating the
development of FMs pre-trained natively on EO data.

4.3.2 Training Native EO Foundation Models

The second trajectory develops FMs pre-trained directly on
large archives of unlabelled EO imagery, learning represen-
tations that inherently capture the physics and spatial scales
of satellite data. Pre-training generally follows two self-
supervised paradigms [156], [551]. Generative approaches,
typically based on Masked Image Modelling (MIM) [157],
train the model to reconstruct masked portions of input im-
agery, forcing it to learn spatial and spectral structure. Rep-
resentative models include SatMAE [83], Spectral GPT [168],
RingMo [415], TerraMind [184], and the Prithvi family [183],
[420]. Contrastive approaches instead learn invariant repre-
sentations by distinguishing semantically equivalent views
from dissimilar ones; models such as SeCo [533] leverage
temporal augmentations, while the SkySense family [150],
[498] extends DINO-like objectives to multimodal EO data
by aligning optical, SAR, and meteorological inputs. A
recent subclass departs from this fine-tunable backbone
paradigm: embedding field models such as AlphaEarth
Foundations [45] and TESSERA [115] release pre-computed
annual global pixel embeddings at 10m resolution, which
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downstream users consume directly as input features rather
than as initial weights for further training.

These EO-native FMs provide strong representations
that reduce labelled-data requirements and improve transfer
under domain shift, and disaster mapping is increasingly
adopted as a key downstream evaluation task [20], [183],
[435], [498]. Prithvi-EO-2.0 [420] exemplifies this trend:
leveraging temporal and location embeddings within a
global pre-training framework, it demonstrates adaptation
across flood inundation, fire scar detection, and landslide
mapping. SkySense family [498] provides complementary
evidence for multimodal scalability, achieving consistent
gains on a disaster mapping suite spanning both extent de-
lineation and building damage mapping. Embedding field
models occupy a different position. Their pre-computed,
analysis-ready delivery makes them highly accessible as
geospatial feature layers [108]. However, current annual
global embeddings are temporally coarse for the event-
dated pre/post observations required in disaster mapping.
They are therefore unlikely to replace event-specific imagery
in rapid mapping pipelines, but may serve as convenient
pre-event references or contextual priors, which we return
to in Section 6.

4.3.3 Summary

Foundation models are beginning to reshape disaster map-
ping by shifting the bottleneck from task-specific supervised
training to transferable representation learning and label-
efficient adaptation. As summarized in Table 6, progress
follows two complementary directions. General vision FMs
provide strong reusable components for rapid delineation,
pseudo-labelling, and lightweight adaptation in time-critical
settings, but their utility is bounded by domain and modal-
ity mismatch and is most reliable on RGB-like VHR optical
imagery. Native EO FMs, pre-trained on large EO archives,
offer representations that better respect the physics, scale,
and temporal structure of EO data, providing stronger ini-
tialization under cross-event and cross-region domain shift.
While most EO FMs are still validated primarily on general-
purpose benchmarks, recent work has demonstrated broad
transfer to multiple disaster-relevant tasks [420], [498], [508].

A core question motivating this review, however, re-
mains open: how much operational value do foundation
models actually provide for disaster mapping across haz-
ards, sensors, and deployment regimes? Current evidence
is fragmented, often limited to a narrow set of hazards,
RGB-dominant inputs, or restricted evaluation protocols,
and does not yet establish when FMs genuinely outperform
well-tuned task-specific models or how robust they remain
under the constraints that matter most in practice. Address-
ing this gap requires systematic, regime-aware benchmark-
ing, which motivates the comparative evaluation presented
in the following sections.

5 BENCHMARK EXPERIMENTS

The preceding sections have traced the rapid expansion
of disaster mapping methods, from classical feature engi-
neering to foundation models. While this diversity offers
a powerful toolkit, it also creates practical ambiguity for
deployment. Models differ substantially in parameter count,
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TABLE 6
Summary of foundation model-based approaches for disaster mapping.

Family = Base FM Pretrain Input Adaptation Usage Reference
@ Bi-temporal optical ~ Visual prompt  Building damage mapping [564]
E Optical + DEM Adapter Landslide extent mapping [525]
g SAM Natural RGB Sentinel-1 SAR Adapter Avalanche extent mapping [130]
= Bi-temporal optical - Generating pseudo-labels for building [10]
> damage mapping
g Bi-temporal optical - Providing structural prior for building [552]
é damage mapping

DINOv2 Natural RGB Street-view 1m.age Fine-tune Bu%ld%ng damage mapp%ng [172]
Post-event optical Adapter Building damage mapping [141]
Prithvi-EO-1.0 ~ Multispectral HLS Fine-tune Flood /wildfire extent mapping [183]
Prithvi-EO-1.0 ~ Multispectral Sentinel-2 Fine-tune Wildfire extent mapping [395]
Prithvi-EO-2.0 ~ Multispectral HLS Fine-tune Flood /wildfire/landslide extent map- [420]
ping
ﬁ DoFA+ Optical VHR, multispectral, hyper- ~ Multimodal EO Fine-tune Flood /wildfire extent mapping [508]
g spectral, SAR
= SkySense++ Optical VHR, multispectral, SAR Multimodal EO Fine-tune Disaster extent mapping and building [498]
g damage mapping
K<} TerraMind Multispectral, SAR, LULC map, Multimodal EO Fine-tune Flood /wildfire extent mapping [184]
Z DEM, vegetation index, location,
text
AnySat Optical VHR, multispectral, SAR Multimodal EO Fine-tune Flood /wildfire extent mapping [20]
Galileo Multispectral, ~ SAR,  nightlight, Multimodal EO Fine-tune Flood extent mapping [435]
slope, elevation, LULC map, climate,
weather, population, location
TABLE 7
Summary of the 13 benchmark datasets used in our evaluation, grouped by task family and hazard type.

Task Dataset Hazard Modality GSD Temporal Classes Tiles  Evaluation protocol
CAUFLOOD [159] Flood Multispectral-SAR 10m Bi-temporal 2 18,302 Official split
KUROSIWO [42] Flood SAR+DEM+Slope >10m Bi-temporal 3 67,490 Official split
URBANSARFLOODS [567] Flood SAR 20m Bi-temporal 3 8,879 Official split
LANDSLIDE4SENSE [134] Landslide Multispectral+DEM 10m Post-event 2 4,844 Official split

Extent HR-GLDD [293] Landslide Multispectral 4m Post-event 2 1,758 Official split
GVLM [558] Landslide RGB 0.59m Bi-temporal 2 7,596 Official split
S2WCD [449] Wildfire Multispectral 10m Bi-temporal 2 41 Custom split
SBAD [80] Wildfire Multispectral-SAR 10m Bi-temporal 5 73 Official split
FLOGA [377] Wildfire Multispectral 20m Bi-temporal 2 1,167 Official split
WILDFIRESPREADTS [131]  Wildfire (spread) Multi-source time series ~ 375m Multi-temporal 2 13,607 Official split
XBD [151] Multi-hazard (6 types)  RGB <0.8m Bi-temporal 5 11,034 Official split

Damage  BRIGHT [58] Multi-hazard (7 types) ~ RGB-SAR 0.3-1.0m  Bi-temporal 5 4,246 Official split
RESCUENET [346] Hurricane UAV RGB ~0.015m  Post-event 10 4,494 Official split

data requirements, modality assumptions, and training
paradigms, yet it remains unclear which choices are justified
under realistic response constraints. Is a computation-heavy
foundation model necessary for a structurally simple target
such as open-area flood extent, or does a lightweight UNet
already saturate performance? Do general-purpose models
that promise zero- or few-shot transfer consistently outper-
form task-specific models trained with limited but domain-
relevant labels? And how do these paradigms perform when
forced to operate outside the RGB comfort zone, relying
instead on SAR or bi-temporal cross-modal inputs?

To move beyond qualitative comparison, we design a
systematic benchmarking framework and evaluate repre-
sentative methods, from standard deep learning baselines to
foundation model pipelines, across the two task categories
defined earlier: infrastructure damage mapping and disaster
extent mapping. Table 7 summarizes the 13 datasets used in
our evaluation.

5.1 Benchmark Datasets
5.1.1 Disaster Extent Mapping

For disaster extent mapping, we select datasets covering
three major hazard types. For floods, we employ three
benchmarks spanning different complexities:

o URBANSARFLOOD [567]: Sentinel-1 SAR observa-
tions targeting the distinction between flooded open
areas and flooded urban areas, where urban scatter-
ing effects introduce significant ambiguity.

o KUROSIWO [313]: A large-scale, multi-event SAR
benchmark bundling Sentinel-1 with DEM-derived
auxiliary layers, enabling assessment of how topo-
graphic constraints contribute to robust flood extent
mapping.

e CAU-FLOOD [159]: Pre-event Sentinel-2 optical im-
agery paired with post-event Sentinel-1 SAR, serving
as a benchmark for cross-modal change detection
under adverse post-flood imaging conditions.

For landslides, we use a multi-resolution suite:



e LANDSLIDE4SENSE [134]: Sentinel-2 imagery fused
with ALOS PALSAR DEM, representing the
moderate-resolution regime for regional monitoring.

o HR-GLDD [293]: PlanetScope imagery offering finer
spatial resolution and covering diverse geomorpho-
logical settings.

e GVLM [558]: VHR imagery with pre- and post-
event optical pairs, enabling bi-temporal change-
based landslide detection.

For wildfire mapping, we employ four datasets:

o S2WCD [449]: A bi-temporal Sentinel-2 dataset cov-
ering 25 wildfire events across Europe and Oceania,
providing pre- and post-event multispectral image
pairs with pixel-level burned area masks. We use
S2WCD to evaluate change detection-based burned
scar mapping.

e FLOGA [377]: A large-scale, expert-annotated
dataset of 326 wildfire events with bi-temporal
Sentinel-2 imagery and MODIS-derived auxiliary
layers, providing a multi-event benchmark for
burned area mapping at moderate resolution.

e SBAD [80]: 73 acquisitions of European forest wild-
fires from Sentinel-1 and Sentinel-2, with pixel-level
annotations for both burned area delineation and
five-level burn severity estimation. We use the bi-
nary burned/unburned task as a post-event map-
ping benchmark.

e  WILDFIRESPREADTS [131]: A multi-temporal dataset
covering 607 U.S. fire events, packaging VIIRS ac-
tive fire detections with MODIS, GRIDMET mete-
orological, and SRTM terrain covariates into time-
series cubes. We use this dataset to benchmark short-
horizon fire spread prediction.

5.1.2 Infrastructure Damage Mapping

We employ three widely used open benchmarks that to-
gether represent complementary operational regimes: bi-
temporal optical (optical-optical), bi-temporal multimodal
(optical-SAR), and post-event-only UAV mapping.

e XBD [151]: The de facto standard for building dam-
age mapping, spanning 19 disaster events globally
with pre- and post-event VHR optical imagery. We
use it to evaluate the standard bi-temporal optical
setting.

e BRIGHT [58]: The first large-scale benchmark for
optical-SAR building damage mapping, pairing pre-
event optical imagery with post-event VHR SAR.
This dataset evaluates the ability to bridge the
modality gap between visual textures and radar
backscatter under all-weather conditions.

e RESCUENET [346]: Post-event UAV imagery at ultra-
high resolution with pixel-wise annotations covering
buildings, roads, and other infrastructure classes. We
use it to benchmark a post-event-only setting where
pre-event references are unavailable.

5.2 Evaluation Metrics

We adopt standardized metrics tailored to each task. For
extent mapping benchmarks, the primary target is the
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affected-region footprint. We report positive-class F; and
Intersection over Union (IoU), which are more informative
under class imbalance than Overall Accuracy (OA) alone.
For URBANSARFLOODS, which distinguishes flooded open
and urban areas, we report F'; and IoU per subclass along-
side OA and mean Intersection over Union (mloU).

As for infrastructure damage mapping, we follow the
protocols of the XVIEW2 Challenge [151] and the 2025 IEEE
Data Fusion Contest [331] on XBD and BRIGHT datasets.
Performance is quantified at two levels: localization F;
(denoted as F'°), measuring binary building detection ac-
curacy, and damage classification F; (denoted as Filam), the
harmonic mean of per-class F1 scores computed on correctly
localized pixels to decouple classification from detection
errors. We additionally report OA and mloU for holistic
assessment. For RESCUENET, which involves multi-class
segmentation of diverse infrastructure, OA and mloU serve
as the primary metrics.

5.3 Model Zoo for Disaster Mapping

To systematically assess the methodological landscape, we
assemble a model zoo of over 30 representative methods, all
evaluated under a unified training and evaluation protocol.
These are organized into three groups: (i) general-purpose
computer vision models, (ii) EO-specialized architectures
designed for EO scene understanding, and (iii) foundation
models pre-trained at scale on either natural images or EO
data.

The first group comprises widely adopted architectures
that serve as stable baselines for dense prediction. CNN
and hybrid backbones include FCN [260], UNet [361],
UNet++ [576], DeepLabV3+ [62], HRNet [473], and Con-
vNeXt [258]. Transformer-based models include Swin Trans-
former [257], SegFormer [506], and Mask2Former [68]. These
establish a consistent reference for evaluating the marginal
gains of more specialized designs.

The second group includes architectures designed for
EO scene understanding. For single-temporal inputs, we
evaluate UNetFormer [475], FarSeg [570], FarSeg++ [572],
and RS3Mamba [275]. For bi-temporal settings, we include
Siamese-style change detection architectures that explic-
itly model cross-temporal interactions: SiamCRNN [67],
DSIEN [547], BIT-CD [56], ChangeOS [571], and Change-
Mamba [59].

The third group evaluates foundation models along two
trajectories. General vision FMs include SAM [213], SAM
2 [354], DINOv2 [322], DINOv3 [397], and CLIP [345]. Na-
tive EO FMs include SatMAE [83], SkySense [150], Spectral-
GPT [168], HyperSIGMA [468] and DINOv3 [397]. DINOv3
is located under both groups, as it provides both natural-
image and EO-pretrained weights.

To support reproducibility and community adoption,
we release an integrated toolbox® providing standardized
dataset loaders, unified training and evaluation scripts, and
ready-to-run implementations of all models. The repository
is designed as a living benchmark that will be continuously
updated with new datasets, architectures, and foundation
model adaptations.

6. All code, model implementations, and evaluation protocols
are publicly available at https://github.com/ChenHongruixuan/
AnyDisasterMapping


https://github.com/ChenHongruixuan/AnyDisasterMapping
https://github.com/ChenHongruixuan/AnyDisasterMapping
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TABLE 8
Comprehensive benchmark on CAUFLOOD, KUROSIWO, and URBANSARFLOODS. A Family column is added to group models into six broad
categories for easier navigation. We report class-specific loU, OA, mF1, and mloU scores. Values denote the mean over 5 runs, with standard

deviations in parentheses. The top three results are highlighted in red , orange , and yellow .

. CAUFLOOD KUROSIWO URBANSARFLOODS
Family ~Model Venue Encoder Decoder
10Ufo0d OA mF1 mloU 10Ufo0d ToUperm OA mF1 mloU T0Uopen ToUusban OA mF1 mloU
Random Guessing - - - 427000 8186000 490700 4299000 | 370000 18800  70.250.00 31360.00) 2546(0.00) | 0.67@o0  00l@o0)  97.26(0.00) 33320000  32.65(0.00)
kel
£ Index-Rule - - 3399000 7319000  66.16(0.00) 51440000 | 39.18(0.00) 4637(0.00) 9270(0.00) 72000000 5949(0.00 | 3095(0.00) 048(0.00)  9845(0.00)  49.14(0.00) 4329 (0.00)
Random Forest - - 55.74(0.00)  89.230.00)  8242(0.00)  7154(0.00) | 49.90(0.00) 38.70(0.00) 9355(0.00)  73.07(0.00)  60.81(0.00 | 29.12(0.00)  223(0.00)  96.24(0.00) 49.18(0.00)  4252(0.00)
FCN-8s CVPRzo15  VGG-16 - 80.52(0.00)  96.96(0.02) 93.72(0.03) 88.52(0.05) | 63.4T(1sy 6198083  97.02(0.15)  84.2T(0.6e)  T4.26(0.00) | 58.89035) 11.34260)  99.40(0.01)  64.70(1.az)  56.54 (0.90)
UNet MICCALy;s - - 8328015 97430003 9469005 90.17(0.09) | 644779 6343007 9725004 S4912s) T51lss | 67.3306m 13.25a79) 99520002  67.792a7)  60.031.59)
z UNet++ TMlyor - - 83.1500.20) 9741005) 94.64010) 90.09017) | 64.37s2 6254011 9720002 8465011 TATT@15) | 67.2506n) 859 9952001 651820 58450150
[} - ResNet-50 ASPP 8260044 97.2801n 9444016 89.74w2s) | 6538060) 6304004 97280 8503020 75290035 | 6203091 7.05a72 994600y 6314018  56.18(0.79)
< DeepLabV3+ ECCVais
] ResNet-101 ASPP 82.600.40) 97.30010) 94.45017m  89.75(0.20) | 65.07(143)  63.620.6s) 97.2800m) 8510041 7538056 | 61.62(100) 80813  99.4T001  63.630.08)  56.39(0.73)
Z HRNetV2-W18 - 82.71(0.39) 97.34007) 9450014) 89.8423) | 641776 63.2821) 9725005 8479045 T496(0.60) | 6184156  6.98(ses) 994702  63.01ass)  56.10(103)
g HRNet TPAMIy
g HRNetV2-W48 - 8241020 97.2T(003) 94.38010) 89.6d(0a7) | 64.69(163) 62.53(1a8)  97.26(010) 84736  T48900) | 6263015 11.83119) 9948001  65.9T3s)  57.98(0.04)
© ConvNeXt-T ~ UperNet 82.76(0.13) o2 945101 8986007 | 64437 6251ase) 9723010 84.660.60) TATSsy | 6404071 942010  99.48@on 6499047  57.65(0.70)
ConvNeXt CVPRa ConvNeXt-S UperNet 82.77(0.29) (0.05)  94.52(0.10)  89.87(0.1s) | 63.37(110)  61.01a3s)  97.10(0.00)  83.98(103)  T3.88(1.33) 31079)  9.09(222)  99.47T(0.02)  64.62(1.33)  57.29(0.85)
ConvNeXt-B  UperNet 82.86(0.32)  97.37T(0.0m) 9455011 89.920019) | 64100158  62.69(s0)  97.20(0.15) 846207  TAT3(L03) | 64.0T07s) 99849y  99.48(0.01) 65.32(0.07) 57.84(0.71)
Swin-T UperNet 82.44(0.00)  97.2T(0.02)  94.390.00) 89.66(0.06) | 64.53(0.00) 62.60(125) 97.20(0.00) 8470(0.20) T484(0.20) | 64.3T070) 12.61on  99.50(0.01)  66.79(1.54)  58.83(0.0m)
5 Swin ICCVap21 Swin-s UperNet 82.38(0.16)  97.27(0.03) S0.05)  89.630.10) | 64530125 63160051 9724001  84.85(0.39)  75.04(0.53) | 64.630.61) 1535(1.56)  99.49(0.01)  6828(0.s2)  59.82(0.59)
g Swin-B UperNet 82.3T(0.23)  97.27(0.05) 3Te0s)  89.620.14) | 64.690.62) 628903 9721005 8482041 7499053 | 64.48(0.c1) 14630102  99.490.01)  67.88ios)  59.54(0.79)
g MiT-BO MLP 82.57(.38) 97.320.0m7 9445013  89.750.23 | 641108  61.20(za0) 97.19(0a2) 8425078  TA250.03) | 6246071  8.66(200)  99.45(0.00) 64.14(1.49)  56.85 (0.87)
o MiT-B1 MLP 82.59(0.23) 97.32(0.00) 94.450.08) 89.76(0.14) | 6358041  62.59(115)  97.20(0.05) 84.4T(0.32) T453(0.42) | 63.93(0.a5)  9.61(170)  99.48(0.01) 65.08(0.88)  57.67(0.48)
g
@ 5 MiT-B2 MLP 8238029 97.28(0.00) 94.38(005) 89.63(0.14) | 64.06(30m) 63.260.95) 9T.25(015) 8475003 TA920.29) | 640l 08y 9784z 994801 65180148  5T.76(1.02)
2 SegFormer NeurIPSy
= MiT-B3 MLP 82.62(0.26) 97.330.00) 9446009 89.78(016) | 6495041 62020109 9724010) 846T@ss)  TAS8Laao) | 634901s 114Tass)  994Twon  65.990.71)  58.14(0.42)
g MiT-B4 MLP 82430.24) 97.300.00 9440000 89.67(14) | 64.60020) 61918 97.21os) 845505y  TA6des) | 63920028 105200  99.4Twon 655805  57.97.s7)
¥}
MiT-B5 MLP 82.54(0.14) 97.31003) 944400 89.73(0.00) | 63.50(1.05) 62.20(0.74) 97.18(010) 8435066 T43Tsn) | 62750an 125100y 9945001  66.32(146)  58.23(0.51)
Mask2Former CVPRaz2 Swin-B Mask2Former | 82.74(0.14) 97.340.03) 9451005 89.8500.08) | 63.650.8) 615107 97.05010) 841903y T741d@s2) | 6254001  2L18aan 994701 7054075  61.06(0.71)
SaM oy ViT-B-16 DPT 81.96(0.15) 9721002y 9423005 89.38(0.00) | 6346083 62.12(130) 97.120010) 843053 T4.290.70) | 6136020 926201  99.460.00) 6423001  56.69(0.61)
2023
VIT-L-16 DPT 82.01(0.15) 97.220.03) 94.250.05) 89.41(0.00) | 63.14(110) 62580103 97.11(00) 84.33@39) T4.33(0.52) | 6185024 1031202 994601 64.93(10)  57.21(0.70)
Hiera-S UperNet 68.54(0.10) 9495003 89.2101) 8143006 | 54408y  5ATTse) 9629015 T9.79@7)  68.520s6) | 4799050 02125 992102 549634  49.13(0.51)
z SAM2 ICLRn2s
o Hiera-B+ UperNet 68.750.13)  94.98(0.01) 81.550.00) | 55.191.21) 5539005  96.390.00) 80.210sa)  69.03(0.66) | 4771041 0.91(0.a9)  99.21(0.02) a1 49.27(0.21)
§
2 ViT-B-16 DPT 7941 0.46)  96.82(0.0m) 878927 | 59.620119) 587314y 96.73(0.15) 82.38(0.6s) TLT6(0.ss) | 54.84(210) 446040y 9934005  59.6T(0.73)  52.88(0.64)
= cLIP ICMLag
E VIT-L-14 DPT 79.91(0.09)  96.92017)  93.52(0.36) 88.20(0.59) | 59.56(0.50)  59.80(1or)  96.83(0.08) 82.66(0.309) T213(0.40) | 56.32(0.50)  3.93(0s)  99.36(0.02) 59.72(176)  53.20(0.95)
5
g DINOV2 MRy VB DPT 82.16(0.22)  97.24(0.00) 94.30(.08) 89.50(0.13) | 62.88(1.40) 60.77(222) 97.04(0.18) 83.79(0.06) T3.62(1.20) | 59.85(125) 1051 (3.02) 64.48(1.02)  56.59 (1.22)
VIT-L-14 DPT 81.79(0.28) 97.18(0.05) 94.17@10) 89.280a7) | 6272211 595T(1ez)  96.98(0.10) 83.43(0.50) T3.16(0.67r) | 60.9T0sm)  10.97(es)  99.45(0.01)  65.07(14) 5713077
- ViT-B-16 DPT 81.49(0.22)  97.13(0.00)  94.06(0.08) 89.100.13) | 63.110.54) 62.06(1.a1  97.011(0.00) 8420037 T416(0.as) | 5941000  T55(sss)  99.42(0.02)  62.70(103)  55.46(0.00)
DINOV3 TMLR202
ViT-L-16 DPT 8241012 97.29002 9439001 89.66(0.07) | 6250070 6205089 97.05015 8403061 73.920sn | 6144001  10.33Gae) 9946001 64.78sm  57.081.78)
UNetFormer ISPRS022 ResNet-18 UNetFormer ~ 8296(0.12)  97.390.02) 94.58(0.0s) 8998(on | 64140052 622703 971706 8452057 T4590s50) | 6192080 420039 9946001 614T@ss  55.22(0.50)
15} FarSeg CVPRang ResNet-50 FarSeg 8248017 97.300.0s 9441005 89.690.10) | 64.040049) 6186050 9T.1Twon 8440019 TAdd@a2s) | 605308y  7.690.s0) 9944001 63130094  55.88(0.69)
Q FarSeg++ TPAMbp;  MIT-B2 FarSeg++ 82.84(0.23) 97.3T(01) 94.540s) 89.91(014) | 64.68(0.60) 62.7905%) 972401 8480@1n) T49T@23) | 6413070 1421200 994801 67.56(1.55)  59.27(1.03)
RS*Mamba GRSLaps VMamba-T UNetFormer | 82.240.28) 97.2500.06) 94.33(010) 8954017 | 64.68(118) 63.68(0.66) 97.30(0.07) 85020045 7528(0.62) | 6246007 112423 99.45001 65.57(ra) 5772100
SiamCRNN TGRS0 ResNet-50 ConvLSTM 82.750.11) 97.390.02) 9452001 89.88(007m) | 62.6T@sn  57.8liz 9688011 8295048 7253062 | 5799018 686252 994002 61.950.59)  54.75(1.02)
£ DSIFN ISPRS200 VGG-16 DSIFN 8224103  97.35013) 94.36035) 89.61(0e0) | 61.76(1.20) 61.40(0.00) 97.10(0.05) 83.69(0.33) T3.48(0.43m | 57.38(1on  2.15(2a6)  99.39(0.03) 58.91sy  52.97(11s)
&
£ BIT-CD TGRS:1 ResNet-50 BIT 7835017 96.58(0.03)  92.94(0.06) 87.22(0.10) | 62.694n  60.090105) 9694005 8355032 73.29(0.42) | 50.0Len 112058 99.2700m  56.16(10m  50.13(0.63)
& ChangeOS RSEz21 ResNet-50 FPN 81.50(0.69) 97.2T0an)  94.11(o.2a) 89.200.40) | 62.53(0.88) 58.49(1s1)  96.90017)  83.10(0.73) 000 | 5l4daas)  9.390s0)  99.29(0.02) 6L57(070)  53.38(0.45)
ChangeMamba TGRS 04 VMamba-T STSS 82.03(0.08) 97.28011) 94.270.20) 89.46(0.40) | 63.53(1.00) 58.79(1e5)  96.93(0.10) 83.43(0.72)  T3.16(0.0%) | 62.01(10m) 12812sn 99440002  66.29.57)  58.09(101)
s SatMAE NeurlPSyp;  ViT-B-16 DPT 81.00(0.19)  97.05(0.03 93.89@.07r) 88.81(011) | 6108200 60.98(0.ss) 96.96(0.15) 83.37.s0) T3.0T(ae) | 59460077  8.24(azs) 994101 63.09(226)  55.70(1.26)
5 SkySense CVPRypy Swin-V2-H DPT 81.09(0.16)  97.03(0.03)  93.91 .06  88.84(0.10) | 63.50(0.55) 97.070.03  84.20(0.00) T416(012) | 64.050.00) 1438001 99.48(0.01) 67.65(0.53)  59.30(0.42)
",; SpectralGPT TPAMLgy;  ViT-B-§ DPT 82.73(0.20)  97.34(0.05)  94.50(0.10)  89.84(0.16) 84.38(0.57)  T4Al@re) | 60.72(050) 10.33(250)  99.45(0.01)  64.64(1.37)  56.83(0.84)
g HyperSIGMA TPAMLys  ViT DPT 81.58(0.49) 97.17(0.0n 9410017  89.17(0.28) 60.78 0.57) 8420017 T41T(.22) | 6512(s.75) 117603 9951013  66.44(2.30)  58.80(2.01)
DINOV3 TMLRyze  ViT-L-16° DPT 82.39(0.00)  97.29(0.02)  94.38(0.03)  89.64(0.05) 60.00(1.08)  96.94(0.05)  83.55(0.34) .30(0.45) | 61.19(1.30)  11.06(.0r)  99.450.01)  65.13217)  57.23 (a3

5.4

The benchmark results across over 30 methods, 13 datasets,
and two task families reveal several cross-cutting findings
that challenge prevailing assumptions about model selec-
tion for disaster mapping. Tables 8-11 present the full
quantitative results for flood extent mapping, landslide
mapping, wildfire mapping and building damage mapping,
respectively.

Finding 1: No single architecture dominates across
tasks and hazards. For bi-temporal building damage map-
ping, ChangeMamba achieves the best performance on both
XBD (mloU = 64.24%) and BRIGHT (mloU = 67.93%),
indicating that explicit cross-temporal interaction is ben-
eficial when pre- and post-event imagery are available.
On the post-event-only RESCUENET benchmark, DINOv2
(ViT-B-14) achieves the highest mloU of 65.30%, suggest-
ing that strong general-purpose visual representations can
be more effective when temporal evidence is absent. For
disaster extent mapping, the winners vary even within
the same hazard family: UNet leads on CAUFLOOD,
DeepLabV3+ with ResNet-101 achieves the best mloU on
KUROSIWO, and Mask2Former obtains the highest mloU

Benchmark Results

on URBANSARFLOODS. A similar pattern appears for land-
slide and wildfire mapping: SegFormer-B4 leads on LAND-
SLIDE4SENSE, FarSeg leads on HR-GLDD, Swin-T leads on
GVLM, while Mask2Former achieves the highest scores on
S2WCD and FLOGA. These results rule out a universal
architectural recommendation and instead point to hazard-,
modality-, and dataset-specific inductive biases.

Finding 2: Traditional methods reveal when disaster
mapping is feature-separable. The traditional baselines
are not merely lower bounds. They help identify tasks
where the target is already well expressed by low-level
spectral, backscatter, topographic, or temporal cues. Ran-
dom Forest reaches 71.54% mloU on CAUFLOOD, 60.81%
on KUROSIWO, 65.45% IoU on GVLM, and 92.67% F1
on S2WCD. On S2WCD, even the hand-engineered index
rule reaches 90.91% F1 and 83.33% IoU, close to many
learned models. The limitation is equally clear: on UR-
BANSARFLOODS, Random Forest obtains only 2.23% IoU
for the urban-flood class, and on XBD, BRIGHT, and RES-
CUENET its mloU stays well below the deep baselines.
Where traditional methods are competitive, much of the
signal needed for the task is already in the per-pixel feature
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TABLE 9
Comprehensive benchmark on LANDSLIDE4SENSE, HR-GLDD, and GVLM. A Family column is added to group models into six broad categories
for easier navigation. We report OA, F1, and loU scores. Values denote the mean over 5 runs, with standard deviations in parentheses. The top

three results in each metric are highlighted in red , orange , and yellow .

LANDSLIDE4SENSE HR-GLDD GVLM
Family Model Venue Encoder Decoder
OA F1 ToU OA F1 ToU OA F1 ToU
= Random Guessing - - - 95.88 (0.00) 2.08 (0.01) 1.05 (0.01) 81.19 (0.01) 10.50 (0.02) 5.54 (0.01) 87.54 (0.00) 6.67 (0.00) 3.45 (0.00)
I—'E Index-Rule - - - 97.97 (0.00) 48.83 (0.00) 32.30 (0.00) 87.69 (0.00) 58.74 (0.00) 41.58 (0.00) 95.08 (0.00) 71.10 (0.00) 55.16 (0.00)
Random Forest - - - 97.70 (0.00) 51.47 (0.00) 34.65 (0.00) 90.64 (0.00) 67.47 (0.00) 50.91 (0.00) 96.59 (0.00) 79.12 (0.00) 65.45 (0.00)
FCN-8s CVPRon5 VGG-16 - 98.58 (0.09)  62.29(0.56) 45.23(0.60) | 93.26(0.09) 68.53(0.36) 52.12(0.42) | 98.33(0.02) 88.12(0.10) T78.76(0.16)
UNet MICCALys - - 98.67 (0.03) 64.08 (1.48)  47.16 (1.62) 94.10 (0.11) 72.42 (0.47) 56.76 (0.57) 98.46 (0.03)  88.95(0.19)  80.10(0.31)
% UNet++ TMI9 - - 98.60(0.07)  62.63(2.903)  45.64(3.03) 94.07 (0.09) 72.25(0.44)  56.55(0.54) 98.39(0.04) 88.47(0.28)  79.32(0.46)
(g DeepLabV3+ ECCVais ResNet-50 ASPP 98.56 (0.11)  62.27(0.72) 45.22(0.76) | 93.45(0.61) T70.51(0.95) 54.45(1.13) | 98.41(0.03) 88.58(0.25)  79.50(0.41)
] ResNet-101 ASPP 98.52(0.12)  62.61(2.49) 45.61(2.63) | 93.42(0.38) T70.51(1.06) 54.46(1.26) 98.41(0.03) 88.46(0.19)  79.31(0.30)
% HRNet TPAMIx1 HRNetV2-W18 - 98.56 (0.11)  59.89(1.46)  42.76(1.49) | 93.60(0.07) 68.90(0.81)  52.56(0.95) 98.38(0.02)  88.37(0.17)  79.17(0.27)
g HRNetV2-W48 - 98.57(0.09)  62.56(1.04) 45.53(1.00) | 93.73(0.11) T70.62(0.38) 54.59(0.45) | 98.45(0.01) 88.83(0.11)  79.91(0.17)
& ConvNeXt-T UperNet 98.480.17)  63.63(1.61) 46.68(1.75) | 93.50(0.15) 70.80(0.86) 54.80(1.02) 98.36 (0.0a)  88.20(0.17)  78.90(0.27)
ConvNeXt CVPRo22 ConvNeXt-S UperNet 98.55(0.21)  64.16(2.40)  47.27(2.61) | 93.77(0.19)  70.95(0.64) 54.98(0.77) | 98.37(0.0a)  88.35(0.21)  79.13(0.34)
ConvNeXt-B UperNet 98.54(0.15)  64.54(1.33)  47.65(1.45) | 93.62(0.18) T71.02(0.36) 55.06(0.43) | 98.38(0.03) 88.32(0.16)  79.09 (0.26)
Swin-T UperNet 98.56 (0.07)  64.36(0.69) 4T7.46(0.75) | 93.72(0.07) T71.20(0.45) 55.28(0.54) 98.53 (0.01) 89.38 (0.05) 80.79 (0.08)
E Swin ICCVapm Swin-S UperNet 98.57(0.08)  64.3T(0.76) 47.46(0.83) | 93.70(0.09)  70.77(0.a0)  54.76(0.53) | 98.50(0.02)  89.25(0.11)  80.58(0.19)
§ Swin-B UperNet 98.58(0.10)  64.34(1.09) 4T7.44(1.19) | 93.76(0.17)  T1.25(0.71)  55.35(0.85) 98.51 (0.03) 89.32(0.12) 80.69 (0.19)
1)
ﬁ MiT-BO MLP 98.68 (0.12) 66.35 (1.18) 49.65 (1.33) 93.39(0.22) 68.99(0.70)  52.66 (0.582) 98.44 (0.0a)  88.83(0.20)  79.90(0.32)
&
Z MiT-B1 MLP 98.64(0.10) 66.06(1.72)  49.34(1.88) | 93.48(0.12) T70.03(0.62) 53.88(0.74) 98.46 (0.03)  88.88(0.16)  79.99(0.26)
% MiT-B2 MLP 98.62(0.24)  66.12(2.60)  49.43(2.87) | 93.58(0.15)  70.05(0.62)  53.91(0.74) | 98.47(0.03)  89.00(0.16)  80.19 (0.26)
S SegFormer NeurlIPSyp2 .
- MiT-B3 MLP 98.59(0.08) 65.30(1.13) 48.49(1.25) | 93.55(00.17) 69.99(0.50) 53.84(0.59) | 98.45(0.03) 88.97(0.15)  80.13(0.24)
E MiT-B4 MLP 98.73 (0.05) 67.13 (1.02) 50.53 (1.16) 93.54 0.17)  T70.790.71)  54.80(0.85) 98.46 (0.02)  89.00(0.12)  80.18(0.20)
L% MiT-B5 MLP 98.60(0.13)  65.78(0.40)  49.01(0.45) | 93.43(0.10) 69.44(0.43)  53.19(0.50) 98.42(0.03)  88.74(0.20)  79.76 (0.32)
Mask2Former CVPRa22 Swin-B Mask2Former | 98.55(0.08) 62.84(1.44) 45.83(1.53) | 94.05(0.06) 72.38(0.14) 56.71 (0.17) 98.48 (0.05)  89.15(0.36)  80.42(0.59)
ViT-B-16 DPT 98.45(0.09)  H8.86(1.64) 41.72(1.65) | 93.25(0.18) 68.80(0.65) 52.44(0.75) 98.38(0.03)  88.39(0.16)  79.19(0.26)
SAM ICCVans
ViT-L-16 DPT 98.40(0.14)  57.91(2.24) 40.79(2.18) | 92.96(0.25) 67.84(0.59) 51.34(0.67) 98.38(0.04)  88.50(0.21)  79.37(0.33)
= Hiera-S UperNet 98.57(0.06) 61.56 (0.88)  44.47 (0.91) | 93.34(0.15) 68.50(0.71) 52.10(0.82) | 98.21(0.02) 87.03(0.09) 77.04(0.15)
= SAM2 ICLR2025
g Hiera-B+ UperNet 98.48(0.08)  59.86(1.31)  42.73(1.32) | 93.06(0.19) 67.95(0.86) 51.46(0.98) 98.23(0.02) 87.27(0.11) T7.41(0.18)
g CLIP ICMLagar ViT-B-16 DPT 98.53(0.10)  60.42(3.58) 43.37(3.60) | 92.97(0.24) 67.Tl(1.08) 51.19(1.29) 98.18(0.06)  86.85(0.34)  76.76(0.53)
?i ViT-L-14 DPT 98.49(0.11)  58.08(2.42)  40.96 (2.40) | 92.37(0.63) 65.56(1.55) 48.78(1.70) 98.34(0.02)  88.12(0.11)  78.76(0.18)
g DINOV2 TMLRyos ViT-B-14 DPT 98.45(0.13)  61.89(1.26) 44.82(1.31) | 92.36(0.27) 65.03(1.63) 48.20(1.77) 98.15(0.11)  86.64(0.96)  76.44(1.49)
O ViT-L-14 DPT 98.53(0.10)  62.48(1.49) 45.44(1.57) | 93.51(0.18) T70.24(0.92) 54.13(1.09) 98.14(0.14)  86.64(0.86)  76.44(1.34)
DINOV3 TMLRaoas ViT-B-16 DPT 98.48(0.08)  61.66(0.78)  44.58(0.81) | 93.10(0.10) 68.18(0.40)  51.72(0.47) 98.28 (0.07)  87.67(0.40)  78.04(0.62)
ViT-L-16 DPT 98.51(0.07)  59.08(3.54) 41.99(3.53) | 93.12(0.49) 68.40(2.35) 52.01(2.66) 98.29(0.08) 87.71l(o.52)  T78.11(0.82)
. UNetFormer ISPRSz022 ResNet-18 UNetFormer 98.55(0.09)  63.60(1.16) 46.64(1.25) | 93.32(0.05) 66.730.67) 50.07(0.76) 98.34(0.01) 88.05(0.07)  78.65(0.10)
5 FarSeg CVPRap20 ResNet-50 FarSeg 98.56 (0.11)  61.39(1.70)  44.30(1.77) 94.19 (0.04) 72.58 (0.52) 56.97 (0.65) 98.41(0.02)  88.60(0.14)  79.53(0.23)
8 FarSeg++ TPAMI023 MiT-B2 FarSeg++ 98.66(0.12)  65.20(1.38) 48.38(1.51) | 93.64(0.17) T70.46(0.64) 54.40(0.77) | 98.31(0.07) 87.89(0.39)  78.40(0.61)
RS*Mamba GRSLag24 VMamba-T UNetFormer 98.54(0.12)  63.20(1.41) 46.21(1.53) | 93.76(0.10) T71.40(0.a7) 55.52(0.57) | 98.33(0.04) 88.08(0.26)  78.70(0.41)
_ SiamCRNN TGRS2020 ResNet-50 ConvLSTM - - - - - - 98.18(0.07)  86.79(0.39)  76.66 (0.60)
<
§_ DSIFN ISPRS;020 VGG-16 DSIFN - - - - - - 98.37(0.02)  88.03(0.209)  78.61(0.46)
g BIT-CD TGRS2021 ResNet-50 BIT - - - - - - 98.03(0.03) 85.81(0.16) 75.14(0.25)
& ChangeOS RSExp1 ResNet-50 FPN - - - - - - 08.18(0.06)  86.81(0.32)  76.70(0.50)
ChangeMamba TGRS2024 VMamba-T STSS - - - - - - 98.51(0.05) 89.24(0.35) 80.57(0.57)
SatMAE NeurlPSyp,  ViT DPT 98.50(0.24)  62.54(1.41)  45.51(1.48) | 93.17(0.03) 67.95(0.49) 51.46(0.56) 98.30(0.0a) 87.80(0.25)  78.26(0.40)
=
g SkySense CVPRyp4 ViT DPT 98.59(0.09)  65.38(1.65)  48.58(1.81) | 93.58(0.17)  69.83(0.33)  53.64(0.39) 98.44 (0.04)  88.87(0.14)  79.97 (0.22)
Ls Spectral GPT TPAMI024 ViT DPT 98.49 (0.20)  62.92(2.11)  45.93(2.25) | 93.33(0.16) 68.59(0.66) 52.20(0.77) | 98.41(0.03) 88.48(0.27)  79.34(0.44)
2 P!
'é HyperSIGMA TPAMIag5 ViT DPT 98.60(0.02) 61.95(1.38) 44.89(1.45) | 93.34(0.19) 67.94(1.10) 51.45(1.26) 98.23(0.05) 87.17(0.31)  T77.26(0.49)
z DINOV3 TMLR2g26 ViT-L-16* DPT 98.51(0.10) 61.45(1.23) 44.36(1.28) | 93.33(0.13)  69.25(0.86)  52.97(1.00) 98.34(0.03) 87.98(0.24)  T78.53(0.38)

distribution; where they collapse, that distribution alone is
no longer sufficient, and identifying what additional infor-
mation is required (e.g., spatial context, temporal compari-
son, or finer semantics) becomes a per-task question that the
benchmark itself cannot fully answer.

Finding 3: Explicit temporal modelling mainly ben-
efits damage mapping. As reported in Table 11, the
strongest change detection models, including Change-
Mamba (mlIoU = 64.24% on XBD, 67.93% on BRIGHT) and
ChangeOS (62.59% on XBD), outperform the best early-
fusion baseline on these benchmarks (Swin-B at 62.15%
on XBD). The gain is not automatic across the family,
however: SiamCRNN (61.50%), DSIFN (59.28%), and BIT-
CD (56.28%) all trail Swin-B on XBD despite using two-
stream formulations. In contrast, on flood and wildfire
extent mapping, change detection models offer no system-

atic advantage and sometimes underperform early-fusion
baselines that take the same two-timestamp input. Ta-
ble 8 shows that on KUROSIWO, ChangeMamba (mloU =
73.16%) falls below UNet (75.11%) and DeepLabV3+ R101
(75.38%). On wildfire, ChangeMamba is mid-pack on
FLOGA (F; = 91.23%, behind Mask2Former at 92.18%
and several CNNs). The split aligns with the extent-versus-
damage distinction in our taxonomy: extent mapping asks
whether each pixel belongs to a hazard-affected surface
state, a question that early fusion of the two timestamps
appears to answer adequately, whereas damage mapping
requires judging how an object changed relative to its pre-
event condition, which benefits from architectures that keep
the two phases’ representations explicitly comparable.

Finding 4: Foundation models do not consistently out-
perform task-specific baselines. Across all datasets, general



TABLE 10
Comprehensive benchmark on S2WCD, SBAD, FLOGA, and WILDFIRESPREADTS. A Family column is added to group models into six broad
categories for easier navigation. We report OA, F1 (or mF1), and loU (or mloU) scores. Values denote the mean over 5 runs, with standard

deviations in parentheses. The top three results in each metric are highlighted in red , orange , and yellow .

22

. S2WCD SBAD FLOGA WILDFIRESPREADTS
Family Model Venue Encoder Decoder
OA F1 ToU OA mF1 mloU OA F1 ToU OA F1 ToU
R Random Guessing - - - 54.590.02)  34.40(0.02)  20.76(0.02) 86.79 (0.01) 19.29 (0.01) 17.750.01) | 89.59(0.00) 5.27(0.02) 2.71(0.01) 99.58 (0.00) 0.18(0.01) 0.09 (0.00)
<

S Index-Rule - - 93.910.00)  90.91(0.00)  83.33(0.00) 26.18 (0.00) 10.90 (0.00) 6.59 (0.00) 97.910.00) 72.80(0.000 57.24(0.00) | 98.54(0.00) 26.02(0.00)  14.95(0.00)
Random Forest - - 95.14(0.00)  92.67(0.00)  86.35(0.00) 86.50 (0.00) 19.280.00)  17.72(0.00) | 97.89(0.00) 79.44(0.00) 65.89(0.00) | 99.40(0.00) 40.91(0.00)  25.71(0.00)
FCN-8s CVPR2015 VGG-16 - 92.26 (015  88.24(0.31)  78.95(0.50) 76.04 (0.64) 2411 @s7  19.172:25) | 99.10(0.09)  86.50(1.00)  76.22(1.54) | 99.65(0.02) 51.96(0.41)  35.10(0.37)
UNet MICCALys - - 95.01(0.25) 92.50(0.35) 86.05(0.00) | 69.86(3.2r)  28.94(1.00) 2153(0.02) | 99.45(0.04) 9152(0.59) 84.36(0.00) | 99.74(0.01)  60.36(0.41)  43.22(0.42)

% UNet++ TMIx19 - - 94.90 (0.43)  92.32(0.65) 85.74(1.11) T2.77 (1.94) 29.66 (1.25) 22.36 (0.51) 99.300.16)  89.58(1.02) 81.17(3.15) 99.74 (0.01) 60.33 (0.21) 43.19 (0.21)

L‘; DeepLabV3+ ECCVaons ResNet-50 ASPP 94.00(0.93)  90.94(1.28)  83.41(2.15) 72.38 (6.39) 2191 zs6) 1733097 | 99.29(0.08)  88.92(1.06) 80.07(1.71) | 99.71(0.01) 57.37(0.47)  40.23(0.46)

:i ResNet-101 ASPP 92.970.89) 89.05(1.47)  80.28(2.38) 72.70 (3.99) 21.72(259)  17.230111) | 99.31(0.05)  89.04(0.s6)  80.26(1.40) | 99.72(0.01) 57.560.17)  40.41 0.7

= HRNetV2-W18 - 93.640.00) 90.57(1s1) 827821m)  7553(403)  20.50(s.36) 17.08(215) | 99.410.01) 9093051 83.37(0.ss) | 99.71001 57.220.10)  40.08(0.10)

el HRNet TPAMIy

2 HRNetV2-W48 - 94.530.73) 91.81(1.00) 84.88(1.68) 70.53 (a.71) 23.17 (2.43) 18.03(1.25) | 99.43(0.04) 91.13(0.59)  83.71(1.00) | 99.71(0.01) 40.28 (0.13)

g

O ConvNeXt-T UperNet 93.66(1.39)  90.56(1.74)  82.78(2.80) | 64.18(16.12)  23.81(z.39) 1T.7T7(a54) | 99.36(017)  90.35(2.16)  82.45(3.51) | 99.72(0.01) 41.41 (0.20)
ConvNeXt CVPRa22 ConvNeXt-S UperNet 94.96 (0.34)  92.39(0.45)  85.85(0.77) 67.48(7.19) 26.36(312)  19.65(1.92) | 99.23(0.15)  88.7T1(rss)  79.75(z.04) | 99.720.01) 58.72(0.14)  41.56(0.14)

ConvNeXt-B UperNet 94.70 023y  92.01(0.33) 8520056 | 65.09(rs7  23.4li20) 17.66(2.6m | 99.390.01) 90.70(0.a2) 82.99(0.71) | 99.72(0.01) 58.52(0.20)  41.36(0.20)
Swin-T UperNet 95.00(0.23)  92.4¢ 85.92(0.52) 70.18 (a.78) 23.09(1.11) 17.81(0.40) | 99.440.01) 91.23(0.19)  83.88(0.33) | 99.72(0.01)  58.37(0.4a)  41.21(0.40)

E Swin ICCVa Swin-S UperNet 94.850.22)  92.2T(0.28)  85.66(0.48) 69.44 (2.97) 2392265 18.10(1.61) | 9945(0.02) 91.42(0.24) 84.20(0.40) | 99.73(0.01)  58.24(0.16)  41.08(0.16)

:é Swin-B UperNet 95.06 (0.19)  92.55(0.23)  86.14(0.40) 71.60 (2.79) 23.63(247) 18.31(135) | 99.45(0.03) 91.55(0.39) 8441057 | 99.73(0.01) 58.01(0.69) 40.86(0.68)

g MiT-B0 MLP 91.240101) 86.66(1.42) 76.48(224) | 73.37(126) 23.91(1sa) 18.61(1.06) | 99.330.01) 89.40(0.20) 80.84(0.33) | 99.70(0.00) 55.92(0.13) 38.81(0.12)

S

E; MiT-B1 MLP 92.50 (0.56)  88.30(0.88)  79.07(1.41) 72.86 (2.13) 22.99 (3.24) 17.95(2.08) | 99.300.03) 89.13(0.53)  80.39(0.86) | 99.70(0.01)  55.93(0.40)  38.83(0.39)

& MiT-B2 MLP 87.11(263) T78.79.2m  65.24(7.0m) 7 (2.07) 21.07a.70)  16.82(1.03) | 99.360.06) 90.16(0.77)  82.09(1.28) | 99.71(0.00) 56.05(0.22)  38.94(0.21)

= SegFormer NeurIPSy

= MiT-B3 MLP 89.90(1.69) 83.89(276) 72.33(4.11) 71.84(1.20) 22.28(1.75) 17.43(0.89) | 99.40(0.02) 90.74(0.22)  83.05(0.38) | 99.70(0.01) 56.13(0.23)  39.01(0.22)

g

g MiT-B4 MLP 84.65(2.52) T3.76(s.60) 58.68(7.20) | 70.93(2.53) 7(205) 17.80(10m) | 99.40(0.02)  90.67(0.29) 99.70(0.01) 00.23)  38.98(0.22)

© MiT-B5 MLP 85.48(1.40)  75.50(2.86)  60.71(3.78) 72.60 (0.52) 21.43(1.01) 17.10(0.50) | 99.390.03)  90.670.37)  82.93(0.62) | 99.69(0.01) 56.21(0.27)  39.09 (0.26)
Mask2Former CVPRao22 Swin-B Mask2Former 9557 (0.36) ~ 93.30(0.47)  87.44(0.82) 68.37 (8.30) 24.54(454)  18.57(3.37) | 99.490.03) 92.18(0.43)  85.50(0.74) | 99.72(0.01) 56.47(0.41)  39.34(0.40)
SAM 1CCV. ViT-B-16 DPT 94.070.50)  91.16(0.63)  83.76(1.05) 70.82(4.62) 24.64(403) 18.72(1.80) | 99.35(0.09) 89.90(0.58) 81.66(0.95) | 99.680.01) 52.70(0.57)  35.78(0.52)

203
ViT-L-16 DPT 94.80 027y 92.11(0.39) 85.3706m | 71.96(s.62) 24.42(17a) 18.72(0.01) | 99.330.06) 89.76(0.87) 81.43(1.a3) | 99.68(0.02) 52.37(050) 3547 (0.51)

E sam2 ICLRuzs Hiera-S UperNet 94.78(0.31)  92.16(0.48) 85.46(0.83) | 67.48(3.06) 25.89(0.09) 19.13(0.61) | 99.180.0m)  87.89(0.89) T84L(1sn) | 99.710.01) 57.00(0.28)  39.86(0.28)

B Hiera-B+ UperNet 95.00(0.19)  92.46(0.24)  85.98(0.42) 67.46 (3.14) 26.56(2.58) 19.62(1.52) | 99.14 017y  87.53(2.05) TT.87(a.25) | 99.72(0.01) 57.32(0.35)  40.18(0.34)

a ViT-B-16 DPT 93.980.54)  91.03067)  83.54(1.12) 69.30(5.19) 2518255 18.88(1.40) | 99.15(0.21)  87.24(2.72)  TT.46(a.22) | 99.660.01) 49.76(1.43) 33.13(1.2m)

= CLIP ICMLag

El ViT-L-14 DPT 9534(020) 92.89(0.30) 86.73(0.51) | T1.28(s.57) 37(s.s0)  19.36(204) | 99.28011) 89.07(1.35) 80.31(221) | 99.670.01) 52.37(0.80)  35.47 (0.73)

% DINOV2 TMLRo ViT-B-14 DPT 94.90(0.18)  92.25(0.26) 85.62(0.45) | 69.27(6.2m)  24.90(2.40) 18.80(1.83) | 99.250.01) 88.58(0.55) T9.51(0.s8) | 99.69(0.01)  53.54(0.61) .56

ViT-L-14 DPT 95.24(0.30)  92.74(0.42)  86.46(0.73) T1.78 (2.16) 27.50(2.99)  20.59(1.73) | 99.26(0.03) 88.73(0.6s) 79.75(1.09) | 99.68(0.01) 53.62(0.57)  36.64(0.53)
DINOV3 TMLRaoss ViT-B-16 DPT 94.690.31)  91.98038)  85.15(0.65) 71.16 (2.97) 24.04(z05) 18420107 | 99.29(0.09) 88.94(1.3a) 80.10(2.16) | 99.66(0.01)  50.61(0.66)  33.88(0.59)
ViT-L-16 DPT 94.850.16) 92.23(0.22) 85.59(0.39) | 7L50(1an  24.66(1.s6) 18.87(1.06) | 99.34(0.00) 89.94(1210) 81.74(2.02) | 99.66(0.01) 50.70(0.50)  33.96 (0.55)
UNetFormer ISPRSa022 ResNet-18 UNetFormer | 94.02(027) 91.160.50) 83.75(0.51) | 70.07(225  19.59(146) 15.99(0.59) | 99.350.02) 89.790.50) 81.47(0.50) | 99.72(0.00) 58.23(013)  41.07(0.13)

5 FarSeg CVPRago ResNet-50 FarSeg 91.17058) 86.91(0.as) T76.86(0.7a) | 73.87(1sa) 229127 18.00(125) | 99.18(0.12) 87.24(161) 7739255 | 99.710.01) 57.150.21) 40.01(0.23)

g FarSeg++ TPAMI023 MiT-B2 FarSeg++ 93.56 (0.52)  89.9T(0.79)  81.78(1.29) 71.38 (1.63) 19.25(0.83)  15.72(0.43) | 99.34(0.05) 89.82(0.66) 81.53(1.09) | 99.71(0.00) 57.13(0.26)  39.99(0.25)
RS*Mamba GRSLaogs ‘VMamba-T UNetFormer 94.28 (0.30)  91.44(0.50)  84.23(0.85) 60.29 (9.56) 2091409  15.95@.01) | 99.430.05) 91.17(0.62) 83.79(1.04) | 99.720.01)  58.22(0.14)  41.06(0.14)
SiamCRNN TGRS2020 ResNet-50 ConvLSTM 94.670.30)  92.04(0.40)  85.26(0.69) 70.02 (5.28) 24.30(1.30) 18.37(0.65) | 99.390.05)  90.46(0.77)  82.59(1.28) - - -

£ DSIFN ISPRS020 VGG-16 DSIFN 90.27(3.12)  85.51(a22) TA.88(6.35) | 54.01(22.79) 16.53(aary)  12.73(a62) | 99.21(0.08) 87.750s2)  78.17(0.51) - - -

&

E BIT-CD TGRS2021 ResNet-50 BIT 92.68(0.68)  89.24(0.84)  80.59(1.36) 69.63 (s.50) 19.76 (2.70)  15.84(0.94) | 99.08(0.21)  85.93(2.66)  75.40(3.98) - - -

% ChangeOS RSEz01 ResNet-50 FPN 89.82(111)  86.00(1.29)  75.45(1.91) 69.78 (2.32) 20.590.s8)  16.240.54) | 99.27(0.19)  89.05(2.48)  80.33(3.99) - - -
ChangeMamba TGRSz024 VMamba-T STSS 95.08(020)  92.56(0.29) 86.15(0.50) | 70.722.50) 25.90(2.02) 19.44(1.a3) | 99.440.04) 91.230.67)  83.89(1.13) - - -
SatMAE NeurlPSy;  ViT-B DPT 94.55(0.140)  91.73(0.19) 84.73(0.32) | 69.37(10.23) 27.26(1.23)  20.55(0.00) | 99.280.05)  88.88(0.64) 79.99(1.03) | 99.66(0.01)  50.66 (0.51) 3 (0.46)

E Swin-V2-H DPT 94.580.200 91.91(0.25) 85.03(0.43) 69.77 (2.73) 28.07(1.36)  20.81(0.82) | 99.430.04) 91.10(0.46)  83.65(0.78) | 99.73(0.01) 58.32(0.47)  41.16(0.a7)

° SkySense CVPRaou .

o ViT-H DPT 94.81(0.23)  92.23(0.20)  85.58(0.50) 69.20 (4.91) 26.450.90) 19.77©.76) | 99.42(0.05)  91.00(0.79) ~ 83.50(1.34) - - -

%’ Spectral GPT TPAMbLyps  ViT DPT 87.56(1.40) 82.83(ss3) T70.92(6.85) | 64.39015.72) 19.64(a19) 15.45s.a9) | 99.090.07) 85.90(0.06) 75.30(1.45) - - -

Z HyperSIGMA TPAMLys — ViT DPT 94.63(0.36) 91.91(0.44) 85.03(0.74) | 73.35(sa2)  26.17(0.6s)  20.52(0.00) | 99.36@0.05 90.110.73)  82.01(1.21) - - -
DINOV3 TMLR2026 ViT-L-16* DPT 94.640.a5)  91.77T(0.75)  84.80(1.27) 74.63 (0.99) 28.32(2.21) 2143131 | 99.24(0.11)  88.57(1.40)  T79.50(2.26) | 99.64(0.01) 50.00(0.70)  33.33(0.62)

vision FMs generally trail behind well-tuned segmentation
models. The gap is moderate on VHR optical tasks but
widens sharply on non-RGB data: as shown in Table 8, on
URBANSARFLOODS, SAM2 (Hiera-B+) achieves an urban
flood IoU of only 0.91%, compared to 14.63% for Swin-B
and 21.18% for Mask2Former. SAM2 also underperforms
SAM on several benchmarks. Among general vision FMs,
DINOV?2 is the most consistent, ranking first on RESCUENET
(mIoU = 65.30%, Table 11) and third on S2WCD (F;
92.74%, Table 10). CLIP is competitive on wildfire bench-
marks, with CLIP (ViT-L-14) ranking second on S2WCD
(F1 = 92.89%), but remains weak on URBANSARFLOODS
(mIoU = 53.20%). EO-native FMs show a task-specific fail-
ure mode rather than uniform underperformance. On wild-
fire extent mapping, SatMAE on S2WCD (F; = 91.73%) and
SkySense on FLOGA (91.10%) sit within 1 F1 point of UNet,
and HyperSIGMA reaches the third-highest open-flood IoU
on URBANSARFLOODS (65.12%). The picture changes on
infrastructure damage mapping: on RESCUENET (Table 11),
SkySense (mloU = 53.27%), SpectralGPT (23.56%), and

HyperSIGMA (33.77%) fall well below DINOv2-B (65.30%);
on XBD, all four EO-native FMs cluster below 56% mloU,
behind ChangeMamba (64.24%). DINOv3, evaluated with
both natural-image and EO-pretrained weights, shows no
consistent direction of transfer between the two variants
across our benchmarks.

The underperformance of FMs in our benchmark is
not unique to disaster mapping. Recent evaluations across
the geospatial domain [3], [279] and other specialized
fields [517] have consistently shown that, under standard
supervised settings with sufficient labels, well-tuned task-
specific models match or outperform FMs, with FM advan-
tages emerging primarily in low-data regimes. Our results
are consistent with this pattern. General vision FMs have
never encountered SAR, multispectral, or temporal change
data during pre-training. EO-native FMs, while exposed
to EO data, are typically trained with reconstruction ob-
jectives on general land-cover scenes rather than disaster-
specific semantics. Both categories can also suffer from over-
parameterization, adding redundant representations rather
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TABLE 11
Models on three infrastructure damage mapping benchmark datasets. A Family column is added to indicate the broad methodological category of
each model for easier navigation. Values denote the mean over 5 runs, with standard deviations in parentheses. The top three highest results in

each dataset are highlighted in red , orange , and yellow .

XBD BRIGHT RESCUENET
Family Models Venue Encoder Decoder o i ; T
Fpe F{ OA mloU Fpe F{ OA mloU OA mloU
'§ Random Guessing - - - 4.01 (0.00) 0.58 (0.00) 91.17 (0.00) 18.65 (0.00) 14.12 (0.00) 2.79 (0.00) 75.16 (0.00) 20.67 (0.00) 33.29 (0.00) 5.52 (0.00)
= Random Forest - - - 42.01(0.00)  51.410.00)  83.88(0.00) 27.70(0.00) | 59.29(0.00)  63.39(0.00)  81.79(0.00)  38.59(0.00) | 53.40(0.00)  24.62(0.00)
FCN-8s CVPRao15 VGG-16 - 83.06 (0.10) 67.23(1.31) 97.30(0.09) 57.87(0.31) | 87.35(0.15) 69.56(0.32)  95.24(0.07)  63.53(0.20) | 81.43(0.51)  53.28(0.46)
UNet MICCALygys - - 83.46 (0.37) 66.50 (0.83) 97.07 (0.04)  56.92(0.18) 88.68(0.15)  70.85(1.27)  95.63(0.04) 64.86(0.53) T4.81(0.87)  40.17 (1.10)
% UNet++ TMIz019 - - 82.26(0.11)  63.98(0.66)  96.92(0.05) 55.40(0.30) | 87.70(0.22) 70.75(0.28)  95.35(0.06) 63.97(0.23) | 76.18(0.79)  37.82(0.71)
Lé DeepLabV3+ ECCVanns ResNet-50 ASPP 78.70(1.04)  64.40(1.40)  97.05(0.14)  56.14(0.87) | 86.96(0.69) 70.55(1.64) 95.37(0.12) 64.36(0.s1) | 80.66(1.08) 52.62(1.08)
G ResNet-101 ASPP 79.41¢.65)  64.291.79)  97.13(0.09) 56.48(0.86) | 85.77(1.37) 68.73(1.26) 95.14(0.21)  63.18(0.88) | 80.56(0.56)  52.42(1.70)
z HRNetV2-W18 - 84.29(0.35)  69.88(0.68)  97.41(0.06) 59.60(0.41) | 88.63(0.17) T1.09(0.68) 95.62(0.09) 65.19(0.43) | 79.90(0.16)  52.12(0.37)
54 HRNet TPAMI02; -
g HRNetV2-W48 - 86.14 (0.15) 72.17 (0.59) 97.67(0.04) 61.88(0.27) | 89.80(0.21) 72.71(0.46) 95.96(0.05) 66.690.11) | 81.62(0.90) 56.65(0.43)
Uw ConvNeXt-T UperNet 85.62(0.10) 71.52(0.68) 97.67(0.04) 61.65(0.33) 89.65(0.13)  70.89(0.36) 95.93(0.04) 65.80(0.26) 83.59(0.25)  60.29 (0.92)
ConvNeXt CVPRam2 ConvNeXt-S UperNet 85.78 (0.23)  71.14(0o.89)  97.68(0.05) 61.48(0.35) | 89.78(0.10) 72.07(1.15)  95.95(0.07)  66.36(0.73) | 83.39(0.52)  59.79 (0.57)
ConvNeXt-B UperNet 85.91 (0.42) 71.67 (0.49) 97.73(0.03)  62.01(0.19) 89.82(0.08) T1.56(0.51) 95.98(0.03) 66.35(0.27) 83.59(0.92)  60.53(0.62)
Swin-T UperNet 85.90 (0.19) 72.26 (0.92) 97.68(0.04)  61.87(0.55) 89.85(0.10) 72.00(0.41) 96.00(0.03) 66.38(0.35) 82.52(0.62) 57.72(0.61)
E Swin ICCVa0 Swin-S UperNet 85.85(0.16)  70.93(1.20)  97.70(0.02)  61.52(0.37) | 89.96(0.06) T1.33(0.7a)  96.00(0.01) 66.24(0.37) | 83.49(0.56)  59.87(0.23)
g Swin-B UperNet 86.07(0.0r)  72.13(0.84)  97.72(0.05) 62.15(0.31) | 90.02(0.08) 71.88(0.36) 96.04(0.05) 66.55(0.31) | 83.95(0.41)  59.83(0.47)
7
] MiT-B0O MLP 84.52(0.16)  70.98(0.83)  97.46(0.05) 60.02(0.18) | 88.45(0.12) 70.80(0.87)  95.59(0.06) 64.94(0.49) | 82.74(0.56) 57.34(0.33)
£
2 MiT-B1 MLP 85.59 (0.16) 71.07 (0.61) 97.64(0.03) 61.20(0.33) | 89.27(0.17)  70.69(0.87)  95.80(0.05) 65.35(0.37) | 83.72(0.66) 59.23(1.13)
% MiT-B2 MLP 85.88(0.22) 71.54 (0.89) 97.72(0.05)  61.92(0.23) | 89.790.13) 71.12(0.69) 95.96(0.05) 65.89(0.43) | 83.35(0.54)  59.71(0.95)
s SegFormer NeurlIPSyp; i ~
= MiT-B3 MLP 85.80 (0.20) 69.95 (1.23) 97.73(0.05)  61.48(0.39) | 89.83(0.17) T71.30(1.30) 95.97(0.04) 66.03(0.73) | 84.19(0.48) 61.25(0.03)
E MiT-B4 MLP 86.05 (0.08) 70.59 (0.40) 97.72(0.02)  61.56(0.19) 89.86 (0.13)  71.77(1.32)  96.00(0.04)  66.30(0.68) 84.33(0.20)  61.14(0.51)
Uw MiT-B5 MLP 86.03 (0.15) 70.33(0.75) 97.74(0.03)  61.50(0.19) 89.68(0.13)  72.05(0.43)  95.96(0.04) 66.38(0.14) 84.94(0.13)  62.01 (0.56)
Mask2Former CVPRam2 Swin-B Mask2Former | 87.29(0.14)  67.15(0.82)  97.84(0.03) 60.91(0.62) 90.45(0.07)  70.72(0.85) 96.06(0.0s) 65.52(0.38) | 81.20(1.63)  55.27(0.95)
SAM 1ccv. ViT-B-16 DPT 85.46(0.19)  70.25(0.78)  97.62(0.00) 60.48(0.45) | 89.53(0.26) T1.26(1.22) 95.89(0.05) 65.75(0.48) | 83.54(0.63)  58.81(0.69)
2023
ViT-L-16 DPT 86.29(0.26)  71.10(0.72)  97.77(0.03)  61.78(0.29) | 90.390.11)  71.20(1.02)  96.09(0.03)  66.29(0.36) | 83.72(0.70)  60.27 (0.71)
= Hiera-S UperNet 78.56 (0.10) 71.28 (0.38) 96.65(0.04)  56.02(0.24) | 84.28(0.14)  70.78(1.41)  94.52(0.01) 62.80(0.63) | 82.83(0.66) 57.47(0.34)
= SAM2 ICLR225
g Hiera-B+ UperNet 79.20 (0.12) 71.55(0.65) 96.71(0.03)  56.41(0.15) 84.41(0.14)  70.05(0.89)  94.53(0.01)  62.47 (0.41) 84.36 (0.85)  59.61 (0.78)
z ViT-B-16 DPT 85.49 (0.09) 69.73 (0.62) 97.67(0.04)  60.70(0.41) | 89.74(0.13)  70.82(0.59) 95.94(0.03) 65.60(0.45) | 85.18(0.56)  62.06(0.77)
> CLIP ICMLyp:
= ViT-L-14 DPT 86.38 (0.08) 70.89 (1.13) 97.81(0.04) 61.98(0.16) 90.31(0.00) T1.17(0.99)  96.13 (0.04) 66.31 (0.63) 86.09 (0.27) 63.60 (0.66)
1
% DINOV2 TMLRas ViT-B-14 DPT 86.47 (0.20) 71.38(1.11) 97.78(0.02)  61.98(0.38) 90.32 (0.37) 72.29 (0.78) 96.11 (0.07) 66.91 (0.50) 87.03 (0.20) 65.30(0.51)
< ViT-L-14 DPT 86.87(0.13)  T1.42(0.69)  97.87(0.05) 62.57(0.59)  90.70(0.10) 72.20(0.52)  96.22(0.07)  67.05(0.34) | 85.66(0.48) 62.88(1.07)
DINOV3 TMLRaoag ViT-B-16 DPT 86.02(0.14)  T1.1l(o.a)  97.76(0.03) 61.59(0.30) | 89.58(0.11)  69.7511.50)  95.90(0.03)  65.26(0.65) | 85.52(0.37)  63.36(0.39)
ViT-L-16 DPT 86.72(0.23)  7T1.80(0.67)  97.86(0.05) 62.48(0.35) | 90.28(0.23) 71.13(0.67)  96.11(0.09) 66.39(0.53)  86.37(0.57)  64.84(0.67)
X UNetFormer ISPRS;022 ResNet-18 UNetFormer 83.59 (0.25) 69.30 (0.66) 97.23(0.07)  58.34(0.55) 88.12(0.07)  68.99(1.02) 95.49(0.08) 63.97(0.52) 80.67 (0.66)  53.09 (0.71)
5 FarSeg CVPRa020 ResNet-50 FarSeg 85.17 (0.15) 69.52 (0.58) 97.64 (0.02)  60.60 (0.34) 89.14(0.28)  69.96(0.68) 95.75(0.11)  64.87(0.52) 84.11(0.72)  60.08 (0.47)
8 FarSeg++ TPAMIa023 MiT-B2 FarSeg++ 86.13(0.21)  72.17(0.90)  97.74(0.08) 62.31(0.66) | 90.00(0.08) 71.89(0.63) 96.04(0.00) 66.35(0.36) | 83.45(0.59)  59.63(0.77)
RS*Mamba GRSLags VMamba-T UNetFormer 83.59(0.22)  67.81(0.64)  97.20(0.06) 57.73(0.43) | 88.45(0.25) 70.00(0.37)  95.55(0.05) 64.30(0.43) | 79.70(0.59)  50.27 (1.86)
_ SiamCRNN TGRS2020 ResNet-50 ConvLSTM 86.42(0.14)  T70.23(0.84)  97.70(0.02) 61.50(0.38) | 88.80(0.13) 67.06(1.27)  95.46(0.04)  63.14(0.45) - -
<)
’g DSIEN ISPRS2020 VGG-16 DSIEN 85.070.16)  67.28(0.54)  97.49(0.03)  59.28(0.24) | 86.64(1.01) 67.24(0.31) 95.43(0.19)  63.34(0.45) - -
5 BIT-CD TGRS2021 ResNet-50 BIT 81.29(1.44) 67.12(2.09) 96.96 (0.18)  56.28 (1.54) 87.53(0.19)  71.40(0.55)  95.32(0.07m)  64.63(0.43) - -
% ChangeOS RSEzp1 ResNet-50 FPN 86.97 (0.17) 71.34 (0.52) 97.82(0.04) 62.59 (0.28) 90.14(0.10)  70.19(0.41)  95.97(0.06)  65.62(0.08) - -
ChangeMamba TGRS024 VMamba-T STSS 87.94 (0.19) 73.58 (0.46) 97.96 (0.03)  64.24 (0.25) 91.09 (0.08) 73.38(0.56)  96.25(0.05)  67.93(0.39) - -
= SatMAE NeurIPS,p»  ViT-B-16 DPT 79.81 (0.29) 64.77 (1.16) 96.92(0.07)  55.13(0.37) 86.34(0.20) 68.49(1.30) 95.06(0.06) 62.64(0.56) 84.34(0.15)  56.00 (0.78)
g SkySense CVPRaos Swin-V2-H UperNet 80.89(6.61) 64.45(10.41) 96.63(1.50) 54.53(s.00) | 88.76(0.12) 70.80(0.67) 95.63(0.06) 64.81(0.42) | 80.79(0.7a)  53.27(1.82)
L; SpectralGPT TPAMI024 ViT-B-8 UperNet 79.35(0.36)  65.69(0.200  96.75(0.10)  54.95(0.26) | 83.11(0.11)  69.67(1.09)  93.990.00) 60.38(0.24) | 63.46(1.26) 23.56(0.72)
'é HyperSIGMA TPAMIx25 ViT FPN 79.490.60)  65.90(0.45)  96.82(0.11)  55.34(0.36) | 82.86(0.19) 68.16(0.50) 93.87(0.04) 59.76(0.12) | T4.T6(0.34)  33.77(0.62)
“ DINOV3 TMLR205 ViT-L-16 DPT 86.06(0.24)  70.76(0.83)  97.77(0.04) 61.61(0.34) | 89.590.28) T1.65(0.58) 95.91(0.10) 66.09(0.51) | 85.99(0.200  63.03(0.47)

than new abstractions [152]. Disaster mapping additionally
demands generalization to unseen events, hazard-specific
damage grading, and cross-modal transfer, which together
make it a demanding testbed for the FM paradigm.
Finding 5: Computational cost scales poorly with ac-
curacy gains. Fig. 6 reveals a stark disconnect between
model complexity and mapping performance. Lightweight
architectures such as SegFormer-B0 (3.7M parameters, 147
FPS) and UNetFormer (11.7M parameters, 146 FPS) achieve
competitive accuracy across multiple datasets while running
at over 140 frames per second on a single GPU. At the other
end of the spectrum, SkySense (672M parameters, 29 FPS)
and DINOv2-L (345M parameters, 24 FPS) consume 10-50 x
more parameters and run 5-6x slower, yet offer no system-
atic accuracy advantage. Among change detection models,
SiamCRNN (21M parameters, 118 FPS) delivers the best bal-
ance of accuracy and throughput, whereas ChangeMamba,
despite achieving the highest damage mapping scores, op-
erates at only 35 FPS due to its scanning mechanism. The
practical implication is clear: for operational disaster re-

sponse, where latency and hardware constraints are real,
a well-chosen lightweight model can deliver comparable or
superior mapping quality at a fraction of the computational
cost. This is especially relevant for extent mapping, where
our benchmark shows that accuracy differences among ar-
chitectures are small to begin with. For damage mapping,
where richer architectures do provide measurable gains,
the cost-accuracy tradeoff is more nuanced but still favours
mid-range models (30-60M parameters) over the largest
FMs.

Finding 6: Difficulty concentrates in ambiguous and
minority disaster states. Performance varies sharply across
the benchmark, but the hardest cases are not defined simply
by hazard type or spatial resolution. Two datasets expose
this most clearly. On URBANSARFLOODS, the best urban-
flood IoU is only 21.18% with Mask2Former, compared with
67.33% for open-water flooding on the same benchmark.
This gap reflects the difficulty of separating flooded urban
surfaces from layover, shadow, double-bounce scattering,
and other built-up SAR responses in 20 m imagery. On
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SBAD, all models struggle with multi-class burned-area
severity mapping: the best result is only 22.36% mlIoU with
UNet++, despite high overall accuracy for even random
guessing. This indicates that OA is dominated by majority
classes and masks poor discrimination of minority severity
classes. Compared with binary burned-area mapping on
FLOGA, SBAD requires finer semantic separation among
subtly different damage states. Together, these results show
that the main remaining bottlenecks are ambiguous target
definitions, class imbalance, and weakly separable disaster
states, rather than model capacity alone.

5.5 Case Studies

To assess whether benchmark performance translates to
real-world utility, we conducted zero-shot evaluations on
recent disaster events not represented in any datasets.

5.5.1 The 2025 Mozambique Flood

In late December 2025, heavy rainfall across southern Africa
caused the Limpopo River to overflow, triggering severe
flooding in Gaza Province, Mozambique. The Chokwe dis-
trict was among the hardest hit, with over 390,000 people
displaced across the province [440]. This event provides a
particularly demanding test case: it is located in the Global
South, a region severely underrepresented in existing flood
benchmarks. We applied representative models from each
paradigm to bi-temporal Sentinel-1 SAR imagery covering
the Chibabel area near Chokwe, evaluating flood extent
delineation in a zero-shot setting.

As shown in Fig. 7, all models successfully delineate
the large-scale inundation footprint, but performance di-
verges sharply on the distinction between transient flooding

and permanent water. UNetFormer achieves the highest
flood IoU (86.28%) and overall accuracy (92.53%), while
SiamCRNN produces the most balanced results across both
classes (mIoU = 71.95%, permanent water IoU = 52.71%).
The most revealing failure is UNet++: despite strong flood
detection (IoU; = 83.96%), it nearly completely fails on
permanent water (IoU,, = 6.04%), effectively classifying
all water as flood. SAM, the strongest general vision FM
in this test (mIoU = 68.08%), outperforms SegFormer and
HyperSIGMA but trails both SiamCRNN and UNetFormer,
consistent with the benchmark finding that FMs remain
competitive but not dominant on SAR-based tasks. Notably,
the change detection architecture SiamCRNN provides the
best permanent water discrimination, suggesting that ex-
plicit temporal comparison helps disentangle transient from
persistent water, an advantage that direct segmentation
models lack.

552 The 2025 Oita Fire

On November 18, 2025, a large-scale fire struck Saganoseki,
Oita City, Japan, destroying 187 buildings over approxi-
mately 48,900 m?, fueled by strong northwesterly winds
during an exceptionally dry autumn. The affected area is
characterized by high building density and a severely aging
population (72.2% over 65 in the Tanaka district), making
rapid infrastructure assessment critical for evacuation and
resource allocation. We applied representative models from
each paradigm to a pre-event optical / post-event SAR
input pair without manual co-registration, simulating the
constraints of real-time response.

As shown in Fig. 8, the performance hierarchy from
controlled benchmarks partially transfers: ChangeMamba
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Fig. 7. Visual comparison of disaster extent mapping results for the 2025 Mozambique Flood. (a) Post-event SAR imagery; (b) Post-event
SAR imagery; (c) Reference map for flood extent; (d)-(g) Predictions from representative deep learning families trained on KuROSIwoO. In the
visualizations, flooded areas are shown in salmon and permanent water bodies in blue.

produces the most spatially coherent damage map, fol-
lowed by Swin-T and FarSeg++. However, two deployment-
specific challenges emerge that are not captured by standard
benchmark metrics. First, all models exhibit high false posi-
tive rates in industrial zones, where metallic structures and
dense machinery produce volume scattering patterns simi-
lar to debris, leading to systematic misclassification. Second,
geometric offsets between the pre-event optical and post-
event SAR imagery, left uncorrected to simulate operational
urgency, introduce spatial errors that degrade localization
accuracy. Foundation models including SAM and DINOv3
perform notably worse than task-specific architectures in
this setting, consistent with their weaker benchmark per-
formance on cross-modal tasks but amplified by the distri-

bution shift of an entirely unseen event and geography.

6 OPEN CHALLENGES AND FUTURE PERSPEC-
TIVES

The challenges identified by our benchmark span the full
disaster mapping pipeline, from the data that models are
trained on, through the preprocessing and alignment of
inputs, to the models themselves and the format of their
outputs. We organize the discussion accordingly.

6.1 Data: Coverage, Modality, and Annotation

Current benchmarks are geographically concentrated in
North America, Europe, and East Asia, leaving model per-
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Fig. 8. Visual comparison of building damage mapping results for the 2025 Oita Fire. (a) Post-event UAV imagery with oblique view; (b) Damage
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formance in the Global South, where disaster vulnerability
is highest, largely unvalidated. Modality coverage is simi-
larly incomplete. While optical and medium-resolution SAR
datasets are relatively mature, most LiDAR, InSAR, and
VHR SAR resources remain confined to isolated case studies
without community benchmarks. This matters in practice:
all models in our benchmark fail on urban flood mapping
from Sentinel-1, a limitation rooted partly in the absence of
VHR SAR training data that could resolve urban scattering

], with minor modifications by the authors.

ambiguity. Volcanic deposits, avalanches, and armed con-
flict face analogous data scarcity, as noted in Section 3.

Beyond coverage, annotation quality limits what mod-
els can learn. For infrastructure damage, multiple grad-
ing scales coexist (EMS-98, Al], and various simplified
schemes), and cross-platform label disagreement can reach
29% [278], particularly for moderate damage categories that
are visible from UAV but not from satellite. For extent
mapping, reference labels from different products (e.g.,


https://bois-free.bousai.genavis.jp/diarsweb

MODIS-based fire products vs. expert-delineated Sentinel-
2 masks) introduce systematic biases that propagate into
training. Labelling procedures are also poorly documented:
published datasets rarely specify whether annotations come
from a single interpreter or from multi-annotator review
with consensus, and inter-annotator agreement statistics are
almost never reported. Given disagreement rates of this
magnitude, performance gaps of a few percentage points on
current benchmarks may fall within the uncertainty of the
reference labels themselves, a caveat that applies to our own
results and argues for routine significance testing. Investing
in protocols that surface and resolve ambiguity, and in
standards for documenting labelling procedures, may yield
greater returns than scaling label counts.

6.2

Beyond benchmark coverage and annotation quality, real-
world deployment also depends critically on the quality and
stability of the inputs themselves. Before any model can
be applied, disaster mapping requires a reliable pre-event
reference and, for multi-modal pipelines, accurate align-
ment between heterogeneous inputs. Both remain practical
bottlenecks.

For bi-temporal pipelines, obtaining a usable pre-event
optical reference is often the first operational bottleneck.
Cloud cover, smoke, and seasonal mismatch frequently
make the most recent pre-event acquisition unsuitable. A
common workaround is to search historical archives for a
cleaner scene, but this is time-consuming and can introduce
temporal gaps that confound disaster-induced change with
normal land-cover or phenological variation. A more sys-
tematic alternative is to construct cloud-reduced pre-event
references from multi-temporal image archives, for exam-
ple through compositing or related time-series aggregation
strategies, rather than relying on a single acquisition [343].
Recent embedding field models such as AlphaEarth [45]
and TESSERA [115] suggest a further step in this direction.
Rather than selecting one cloud-free image, these models
learn analysis-ready representations that integrate spatial,
temporal, and cross-sensor context into a embedding. Such
multi-source embeddings could potentially serve as pre-
event reference priors for downstream disaster mapping, re-
ducing reliance on manual archive search and on any single
optical acquisition. However, whether these learned repre-
sentations can effectively complement, or in some settings
replace, conventional pre-event imagery in bi-temporal dis-
aster mapping pipelines remains an open question.

The second part is geometric consistency across sensors.
For disaster extent mapping at moderate resolution, resid-
ual co-registration error is often tolerable and automated
optical-to-SAR registration can be adequate in many cases.
For fine-grained damage mapping, however, alignment re-
quirements are substantially tighter: even small offsets can
move predictions between adjacent buildings or between
damaged and undamaged structures. Our 2025 Oita Fire
case study illustrates this effect. When geometric offsets be-
tween pre-event optical and post-event SAR imagery are left
uncorrected to reflect operational urgency, all tested models
exhibit spatial errors. The problem is especially acute in
dense urban areas, where layover, shadow, tall structures,
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and viewing geometry make cross-sensor registration more
fragile [58], [524].

The third aspect, which is less frequently discussed, is
pre-event source sensitivity. Our additional experiments in
Appendix B.5 show that replacing the pre-event optical
provider leads to severe degradation in damage classifica-
tion, even when building localization remains relatively sta-
ble. This suggests that the learned cross-modal correspon-
dence is at least partly tied to the source distribution seen
during training. When an unseen provider is introduced,
shifts in radiometry, viewing geometry, colour balance, or
preprocessing can weaken the cues used for damage grad-
ing. Taken together, these observations suggest that source
harmonization, source-diverse training, and more robust
baseline construction deserve attention alongside model
architecture design.

6.3 Generalization: From Benchmark to Deployment

Our benchmark shows that no single architecture dominates
across datasets, and our out-of-distribution case studies on
the Mozambique flood and the Saganoseki fire further show
that strong benchmark performance does not necessarily
translate into operational reliability. The dominant sources
of domain shift also appear to be task-dependent: for ex-
tent mapping, land-cover variability, seasonality, and sensor
differences are often central, whereas for damage mapping,
construction typology, hazard mechanism, and viewing ge-
ometry can play a larger role. Current evaluation proto-
cols often do not test these shifts explicitly. More realistic
assessment will require standardized leave-event-out and
cross-region splits, together with few-shot and zero-shot
evaluation regimes [58], [569], to better reflect deployment
conditions.

Generalization is not only geographic and event-specific.
It also depends on the input regime under which mod-
els are evaluated. Our spectral ablation in Appendix B.3
shows that architectural comparisons can be incomplete
when conducted under a single input configuration. This
indicates that model rankings can invert depending on the
spectral information provided. Likewise, our topographic
ablation in Appendix B.2 shows that adding DEM or slope
does not reliably improve performance and can even reduce
it, challenging the assumption that physically meaningful
auxiliary inputs are uniformly beneficial for flood extent
mapping. Taken together, these results argue for evaluation
protocols that vary not only geographic and temporal splits,
but also input configurations.

More broadly, deployment readiness should be under-
stood as robustness to both distribution shift and input
variation, rather than as performance on a fixed benchmark
configuration alone. From a methodological perspective, do-
main adaptation and synthetic data generation are promis-
ing directions for improving cross-event robustness [406],
[573], but their effectiveness for operational post-disaster
mapping remains insufficiently validated at scale.

6.4 Models: Scale, Inductive Bias, and Efficiency

Model development for post-disaster mapping is not simply
a question of choosing a stronger backbone. The central
issue is how to balance model scale, inductive bias, and



deployment cost under multi-modal and non-RGB settings.
In our benchmark experiments, neither general vision nor
EO-native foundation models consistently outperform well-
tuned task-specific baselines, especially on non-RGB modal-
ities. Similar patterns have also been reported in geospatial
and other specialized domains under standard supervised
settings with sufficient labels [3], [279], [517].

One notable finding is that EO-native foundation models
on average do not outperform general vision foundation
models. A plausible explanation is that general vision mod-
els benefit from much larger and more diverse pre-training
corpora, while many EO-native models still rely heavily
on reconstruction-oriented objectives that may not align
well with downstream semantic discrimination in disaster
settings. More broadly, our results indicate that pre-training
scale and domain origin are both weaker predictors of
downstream performance than is often assumed.

Efficiency is part of the same model-selection problem.
Our profiling analysis shows that large models require
roughly 10-50x more parameters than SegFormer-B0, but
do not show a consistent accuracy advantage in our bench-
mark. For time-critical deployment, this weakens the case
for simply scaling models up. Lightweight architectures
remain competitive when latency, memory, and engineering
overhead matter.

Progress will likely depend less on adopting ever larger
generic models and more on designing representations
that better match disaster mapping itself. Promising di-
rections include self-supervised pre-training on disaster-
relevant and multi-modal corpora, objectives better aligned
with change and damage understanding, and synthetic data
generation to cover rare hazard types, viewing conditions,
and sensor configurations [407], [569].

6.5 Outputs: Beyond Maps to Operational Decision
Support

Most post-disaster mapping methods and benchmarks are
formulated as semantic segmentation problems. While this
is convenient for model development, a segmentation map
is rarely the final product needed in real response settings.
Responders require actionable information: which buildings
are likely destroyed, which road segments may be impass-
able, which facilities are affected, and where intervention
should be prioritized. In this sense, pixel-level maps are
better viewed as an intermediate representation than as the
endpoint of operational inference.

Bridging this gap requires moving not only from pixels
to objects, but from maps to structured decisions. Object-
level outputs, such as per-building damage grades or per-
road status labels, are an important intermediate layer and
are currently often approximated through heuristic post-
processing, such as majority voting within building foot-
prints [58], [571]. However, these heuristics depend on the
quality and completeness of external inventories and remain
brittle when footprints are missing, misaligned, or out-
dated. More explicit instance-level architectures, together
with benchmarks that provide per-object annotations and
metrics, would better align model development with opera-
tional reporting requirements.

Yet even object-level labels are not sufficient on their
own. In practice, responder-facing systems should translate
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geospatial predictions into concise, interpretable outputs,
such as counts of severely affected buildings, estimates of
displaced populations requiring immediate shelter, candi-
date blocked routes, facility-level status summaries, and
priority-ranked areas for follow-up. Natural-language situa-
tion summaries may be particularly valuable as an interface
layer for non-technical stakeholders [474]. The goal is not to
discard maps, but to make them easier to interpret and act
upon under time pressure.

Evaluation should evolve accordingly. Aggregate seg-
mentation scores alone are insufficient to characterize
output usefulness. What matters is whether the system
supports clear operational judgments under realistic con-
straints, for example by controlling false alarms, preserv-
ing high-priority objects, and producing summaries that
are understandable to non-specialist users. More broadly,
benchmarks should evolve from static leaderboards toward
regime-aware evaluation that considers not only accuracy,
but also the form, interpretability, and decision utility of the
outputs delivered to end users.

6.6 Future Perspective

Taken together, the challenges above point to a shared
implication: no single architectural advance will close the
gap between benchmark accuracy and operational reliabil-
ity. The next stage of EO-based disaster mapping should
therefore be organized around the construction of disaster
intelligence systems (Fig. 9) that coordinate multiple spe-
cialist models over multi-modal observations, rather than
around the pursuit of a single universal backbone.

Four properties should characterize such systems. First,
they must integrate heterogeneous observations together
with documented pre-event references constructed from
archives rather than from any single acquisition. Second, a
reasoning layer, such as an Large Language Model (LLM)-
based orchestrator, may coordinate these specialist mod-
ules: fusing multi-modal evidence, reconciling conflicting
predictions, selecting tools appropriate to each hazard, and
continuing to adapt as new event types and sensors emerge.
Third, outputs should be delivered in forms responders can
act on rather than pixel maps alone. Fourth, the system must
be trustworthy. Each product should carry calibrated un-
certainty, transparent provenance from raw observation to
reported decision, and explicit documentation of its failure
modes, so that users can judge where to rely on the output
and where further verification is needed.

Realizing these properties is not only a modeling prob-
lem; it will also require datasets documented with the trans-
parency expected of scientific measurements, benchmarks
that evaluate the system as a whole under realistic opera-
tional conditions, and sustained dialogue with the respon-
ders whose decisions these systems are designed to support.
The measure of progress should shift accordingly, from
leaderboard accuracy on isolated tasks to the operational
dependability of the evidence delivered during a response.

7 CONCLUSION

This article has provided a unified review and benchmark of
EO-based disaster mapping, spanning traditional methods,
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deep learning architectures, and foundation models across
both disaster extent mapping and infrastructure damage
mapping. We defined a task-driven taxonomy grounded in
the observation that algorithmic challenges are shaped more
by the nature of the mapping target than by the specific
hazard. We systematically reviewed methods along three
paradigm shifts: from hand-crafted features to learned rep-
resentations, from single-sensor to multimodal fusion, and
from single-event training to cross-event generalization. We
compiled and organized benchmark datasets across floods,
wildfires, landslides, and building damage, identifying crit-
ical gaps in geographic coverage, modality diversity, and
annotation standardization.

Our benchmark of over 30 methods across 13 datasets
yields several findings that challenge prevailing assump-
tions. Architectural complexity yields diminishing returns
for extent mapping, where simple encoder-decoder models
frequently match or outperform Transformers and state-
space models. Change detection architectures provide clear
advantages for damage mapping but not for extent map-
ping, empirically validating the task distinction at the core
of our taxonomy. Foundation models, despite their promise
of generality, do not yet consistently outperform well-tuned
task-specific baselines, with the gap widening on non-RGB

modalities and cross-modal settings. Out-of-distribution de-
ployment confirms that benchmark performance does not
guarantee operational reliability. Together, these results ar-
gue for regime-aware model selection that considers the
mapping target, sensor configuration, temporal availability,
and computational constraints, rather than the pursuit of a
single universal architecture.

To support reproducibility and future research, we re-
lease an open-source evaluation toolbox with standardized
data loaders, training protocols, and implementations of
all benchmarked models. We hope this resource, together
with the empirical findings and identified challenges, helps
the community move toward disaster mapping systems
that are dependable in practice, not only competitive on
leaderboards.

APPENDIX A
DETAILS OF EXPERIMENTAL SETUP

All experiments are conducted on NVIDIA A100 GPUs
using PyTorch” [328]. We evaluate over 30 models across
13 benchmark datasets spanning four hazard domains:
infrastructure damage (XBD, BRIGHT, RESCUENET), flood

7. https:/ /pytorch.org/


https://pytorch.org/

(CAUFLOOD, KUROSIWO, URBANSARFLOODS), wildfire
(FIRESPREAD, FLOGA, S2WCD, Satellite Burned Area),
and landslide (GVLM, HR-GLDD, LANDSLIDE4SENSE).
To ensure fair comparison, all models within each do-
main share the same training protocol, with domain-specific
choices reflecting the distinct characteristics of each task.
Full configuration files are available in our code repository®.

Input modality and channel handling. The 14 datasets
span a wide range of input configurations, from 3-channel
RGB (RescueNet) to 200-channel multi-temporal stacks
(FireSpread). For bi-temporal datasets, single-branch seg-
mentation models receive all channels concatenated along
the channel dimension, while Siamese-style change detec-
tion models receive pre- and post-event inputs through
separate encoder branches.

Optimization. All models use the AdamW opti-
mizer [262]. The learning rate schedule varies by domain: no
scheduling for infrastructure damage, cosine annealing for
flood, warm-up polynomial decay for wildfire, and step de-
cay for landslide. The default learning rate is 1x10~%, with
model-specific adjustments for architectures that require
different scales (e.g., 51075 for Mask2Former, 5x 10~ for
SpectralGPT on infrastructure tasks). For foundation models
with pre-trained encoders, we apply a reduced encoder
learning rate (typically 0.05-0.1x the base rate) to preserve
pre-trained representations while allowing decoder adapta-
tion.

Loss functions. We tried several combinations of loss
functions for each type of task and then selected the optimal
setting. Specifically, infrastructure damage mapping uses a
combination of cross-entropy and Lovasz-softmax loss [34]
to handle the multi-class imbalance inherent in damage
grading. Wildfire mapping combines cross-entropy with
dice loss. Flood and landslide mapping use cross-entropy
alone. Mask2Former uses its built-in loss across all domains.

Data augmentation and normalization. Training aug-
mentations include random horizontal and vertical flips, 90-
degree rotations, and random cropping to domain-specific
tile sizes (128-512 pixels depending on the dataset’s native
resolution). For infrastructure damage datasets, we addi-
tionally apply a class-balanced smart crop to mitigate the
dominance of undamaged background pixels. FireSpread,
which uses 200-channel temporal stacks, applies no aug-
mentation. Normalization follows dataset-specific statistics:
ImageNet statistics for RGB optical data, and dataset-level
channel-wise means and standard deviations for multi-
spectral and SAR inputs. Change detection models with
heterogeneous pre- and post-event modalities use separate
normalization per temporal phase.

Model-specific accommodations. Several models re-
quire fixed input sizes that override dataset defaults: Spec-
tralGPT operates at 128 x128, SatMAE at 224x224 for wild-
fire, and DINOv2/CLIP inputs are resized to multiples of
their patch size (14 or 16 pixels). Batch sizes are adjusted
per model to fit within GPU memory, ranging from 4 (large
foundation models) to 32 (lightweight models on small-
tile datasets). Inference uses sliding-window prediction with
50% overlap.

8. https://github.com/ChenHongruixuan/AnyDisasterMapping
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TABLE 12
Ablation Study on Input Size for SegFormer-B0 on LANDSLIDE4SENSE
Dataset.
Input Size Fq Pre. Rec. IoU OA
128x128 64.99 65.01 6496 48.14 98.67
256 %256 67.71 6496 7072 5119 98.72
384 %384 68.24 68.79 67.71 51.79 98.81
512x512 69.56 67.06 7224 5330 98.79
640x 640 6891 67.00 7093 5256 98.78

Evaluation. All metrics are computed on the official test
splits of each dataset. For datasets without predefined splits,
we use the partitions established by prior work. No test-
time augmentation is applied to any model, ensuring that
reported results reflect single-pass inference performance.

Traditional baselines. In addition to deep models,
we evaluate three families of non-deep baselines. Ran-
dom guessing predicts each valid pixel by sampling from
the empirical class prior of the corresponding training
split. Index-rule baselines use hazard-specific physically mo-
tivated indices and threshold rules, with thresholds selected
on the training/validation data. Because the datasets dif-
fer substantially in modality and label space, these rules
are dataset-specific rather than uniform across domains:
flood baselines rely on SAR backscatter, coherence, op-
tical water/vegetation cues, and simple temporal change
rules; landslide baselines use spectral disturbance indica-
tors, brightness/vegetation suppression, and terrain-related
priors; wildfire baselines use standard burn-related indices
and change measures (e.g., NBR-, NDMI-, MIRBI-, or BAIS2-
type cues), while FIRESPREAD uses a rule-based spread-
risk score combining recent fire observations, neighborhood
propagation, weather, fuel, and topography. Random-forest
baselines are trained on class-balanced sampled pixels us-
ing handcrafted features tailored to each dataset, includ-
ing raw channels, ratios and differences, temporal change
features, local mean/std/range/gradient statistics, and se-
lected GLCM texture descriptors. For heterogeneous pre-
/post-event inputs, modality-specific features are extracted
first and then concatenated. All hyperparameters, feature
definitions, and threshold grids are provided in the code
repository.

APPENDIX B
SUPPLEMENTARY EXPERIMENTS

In addition to the principal benchmark comparisons pre-
sented in the main text, we conducted a series of sup-
plementary experiments to examine method behavior from
complementary perspectives. The results summarized in the
following tables and figures, while informative, fall outside
the central narrative of the paper. We include them here for
completeness and to assist readers who wish to reproduce
or extend our analyses.

B.1

At the native 10 m resolution of Sentinel-2, individual land-
slides span only tens to hundreds of pixels, and their bound-
aries can be ambiguous when mixed with spectrally similar

Effect of Input Resolution on Landslide Mapping


https://github.com/ChenHongruixuan/AnyDisasterMapping
https://github.com/ChenHongruixuan/AnyDisasterMapping
https://github.com/ChenHongruixuan/AnyDisasterMapping
https://github.com/ChenHongruixuan/AnyDisasterMapping

TABLE 13
Ablation on additional topographic inputs on KUROSIWO. Baseline columns report the SAR-only results. The remaining columns show absolute
performance changes after adding DEM, Slope, or DEM+Slope. Colored arrows indicate whether the score increases, decreases, or remains
unchanged relative to the baseline.
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Family ~Model Baseline +DEM A +Slope A +DEM+Slope A

mF1 mloU  Perm.  Flood mF1 mloU Perm. Flood mF1 mloU Perm. Flood mF1 mloU Perm. Flood

UNet 8419 7414 6230 6286 | 1026 1035 1069 1032 | £1.32 11.80 1263 1255 | | 581 [ 7.12 [15.10 |5.83
UNet++ 8488 7506 6372 6412 | 1071 1095 1036 1236 | 1036 1048 1059 1084 | L0.12 1016 10.21 1068
DeepLabV3+ (R50) | 8432  74.33 61.02 64.66 10.69 1091 1273 10.09 +0.52  10.70 1227 1029 | 10.18 10.23 1217 11.50
HRNet-W48 8449 7455 6176 6448 | 10.21  10.28 10.83 . 0.00 | £0.36 1050 1012 1128 | 1070 1093 10.69 | 1.98

% SegFormer-B4 8453 7459 6213 6434 | 1045 1059 1042 [1.31 | 1005 10.05 1011 1007 | L1046 1061 — 000 |1.75
2 Swin-T 8416 7410 6173 6327 | L0.60 L0.80 [0.93 [1.35 | +027 1036 10.69 1036 | 1063 108 1087 |1.50
SAM-ViT-L 82.95 72.51 57.99 62.58 10.17 10.20 1 2.41 11.83 11.30 11.70 T 4.57 10.30 10.46 10.58 1 2.80 11.15
CLIP-ViT-L/14 82.06 71.34 58.18 59.04 12.07 12.57 13.73 13.76 10.11 10.14 10.09 10.51 11.61 12.02 12.63 13.20
DINOv2-ViT-L/14 | 8253 7193  59.66 5929 | 10.25 1 0.30 1137 1040 | 1049 4065 1057 1127 | 10.28 1039 1086 11.92
DINOV3-ViT-L/16 83.03 72.59 59.35 61.46 10.48 10.64 11.38 10.42 10.63 1 0.84 T1.27 1 1.09 1 0.52 1 0.69 T1.17 10.78

= SiamCRNN 8359 7337 5929 6357 | L0.40 1053 1049 [ 1.00 | 1019 10.25 1028 1047 | 10.06 1010 f1.14 | 1.37
‘g DSIFN 8328 7295 5920 6245 | [ 0.79 [ 1.001 227 1066 | 1004 10.05 1034 1050 | 1027 1036 11.49 |255
g BIT-CD 83.53 73.27 59.48 63.21 10.50 1 0.66 10.28 12.25 12.00 1 2.57 10.10 17.49 10.28 10.38 1T 1.19 1229
£ ChangeOS 8356 7334 5864  64.13 »0.00 1004 1138 1138 | $048 4061 11.65 10.19 | +0.66 10.85 1267 10.16
= ChangeMamba 83.18  72.80 59.28 62.10 10.37 1047  10.40 1 1.06 1084 11.09 1372 1050 | 035 0.45 10.14 1 1.51

bare soil or shadow. A straightforward strategy to improve
boundary delineation is to upsample the input patches to a
larger pixel grid, effectively increasing the number of pixels
representing the same geographic extent and providing
the network with finer spatial detail. We investigate this
strategy by training SegFormer-BO on LANDSLIDE4SENSE,
upsampling each patch from the native 128 x 128 grid to
sizes up to 640 x 640 while keeping the geographic footprint
fixed.

As shown in Table 12, performance improves consis-
tently as the input is upsampled from 128 x 128 (IoU =
48.14%) to 512 x 512 (IoU = 53.30%), a gain of over
5 percentage points. The effective pixel spacing decreases
from 10m to approximately 2.5 m, allowing the network to
better resolve landslide edges and internal heterogeneity.
Both precision and recall benefit: higher resolution helps
reject false positives by revealing fine-grained texture dif-
ferences between landslide deposits and spectrally similar
bare ground, and recover true positives by sharpening
subtle boundaries that are blurred at the native resolution.
However, further upsampling to 640 x 640 (~2m effective
spacing) provides no additional benefit (IoU = 52.56%),
indicating that the information content of the original 10m
imagery is exhausted beyond a 4x upsampling factor and
that additional interpolated pixels introduce no new dis-
criminative detail.

This finding has a practical implication: for landslide
mapping with Sentinel-2 imagery, upsampling to 512 x 512
(~4x the native resolution) offers the best accuracy—cost
trade-off. It also suggests that, for this task, resolution en-
hancement through simple upsampling can yield accuracy
gains comparable to or larger than architectural upgrades,
complementing the main benchmark observation (Table 9)
that lightweight models already perform competitively at
the native resolution.

B.2

ping
Topographic variables such as elevation and terrain slope
provide physically meaningful context for flood mapping,
and datasets such as KUROSIWO therefore include DEM-
derived layers alongside SAR imagery [42]. However, their
empirical utility for deep learning models in this benchmark

Impact of Topographic Priors on Flood Extent Map-

setting remains unclear. To examine this, we train a broad
set of models on KUROSIWO under four input configu-
rations: SAR only (baseline), SAR+DEM, SAR+Slope, and
SAR+DEM-+Slope. The results are summarized in Table 13.

Overall, topographic augmentation is not uniformly ben-
eficial in this setting. Adding DEM decreases mloU in 10
of 15 models, with an average change of approximately
—0.37, while adding both DEM and Slope also lowers
mloU in 10 of 15 models and yields the largest average
drop (approximately —0.68). Among the three augmented
settings, SAR+Slope shows the most favorable aggregate
trend, improving mloU in 9 of 15 models with a modest
average gain (approximately +0.31). These results suggest
that auxiliary topographic channels should not be assumed
to improve flood extent mapping by default.

A clearer pattern emerges in the class-specific scores.
DEM-based augmentation tends to hurt flood detection
more consistently than permanent-water discrimination: the
flood score decreases in 11 of 15 models with +DEM and
in 13 of 15 models with +DEM+Slope. By contrast, adding
Slope more often benefits the permanent-water class, im-
proving its score in 12 of 15 models. This suggests that static
terrain cues may be more helpful for separating persistent
water bodies from surrounding land than for delineating
transient floodwater, whose extent depends on factors be-
yond topography alone.

The results also do not support a simple “more
topographic context is better” conclusion. Although
SAR+DEM+Slope provides the richest auxiliary input, it
produces the worst average mloU among the three aug-
mented settings and introduces several large drops for indi-
vidual models (e.g., UNet: —7.12 mlIoU). This may indicate
that some architectures struggle to exploit correlated auxil-
iary channels effectively. However, the present ablation does
not isolate whether the issue is caused by model capacity,
optimization difficulty, feature redundancy, or preprocess-
ing mismatch.

Model-family trends are also mixed. Among the five
bi-temporal architectures, adding DEM reduces mloU for
all models, while DEM+Slope reduces mloU for four of
five and Slope for three of five. This pattern is consistent
with the possibility that static topographic channels are
less compatible with architectures designed to emphasize



TABLE 14
Impact of input spectral bands on burned area mapping (FLOGA
dataset). RGB uses 3 visible bands only; Sen2 uses all 9 available
Sentinel-2 bands including NIR and SWIR. AF1 shows the absolute
change from RGB to Sen2. Models are grouped by family as defined in

Section 5.
. RGB (3 bands) | Sentinel-2 (9 bands)

Family Model F ToU F ToU AF;
FCN-8s 58.75 41.60 86.51 76.22 +27.76

Z UNet 84.03 72.46 91.99 85.17 +7.96
5 UNet++ 8532 7440 | 90.50 82.65 +5.18
£ DeepLabV3+ (R50) | 88.07  78.68 | 90.27 82.26 +2.20
o HRNet-W18 88.48 79.34 91.04 83.55 +2.56
ConvNeXt-T 86.25 75.83 91.78 84.80 +5.53

$ Swin-B 87.11 77.17 91.96 85.12 +4.85
i‘_& SegFormer-B2 88.38 79.18 89.20 80.50 +0.82
g SegFormer-B5 87.36 77.55 90.84 83.22 +3.48
V] Mask2Former 89.72 81.35 92.19 85.51 +2.47
SAM (ViT-L) 87.05 77.06 88.63 79.58 +1.58

E SAM2 (Hiera-B+) 82.67 70.46 85.29 74.35 +2.62
& CLIP (ViT-L) 89.16 80.44 90.32 82.34 +1.16
3 DINOv2 (ViT-B) 87.69 78.08 87.70 78.09 +0.01
DINOv2 (ViT-L) 88.51 79.39 89.43 80.89 +0.92

o FarSeg++ 90.59  82.80 | 90.88 83.28 +0.29
= RS3Mamba 88.42 79.25 91.37 84.11 +2.95
a. SiamCRNN 87.68 78.07 90.43 82.54 +2.75
E» ChangeOS 87.04 77.05 91.06 83.59 +4.02
& ChangeMamba 72.60 56.99 92.22 85.56 +19.62
SatMAE 78.37 64.44 88.14 78.79 +9.77

= SkySense 77.22 62.89 91.55 84.42 +14.33
S Spectral GPT 71.34 55.44 85.89 75.26 +14.55
=] HyperSIGMA 84.35 7293 89.45 80.92 +5.10
DINOv3 (EO) 83.99 72.39 89.69 81.31 +5.70

explicit temporal modeling, although this mechanism is
not directly tested here. Pre-trained ViT-based models are
likewise heterogeneous: SAM-ViT-L and DINOv3-ViT-L/16
improve under all three topographic settings, DINOv2-ViT-
L/14 shows mixed behavior, and CLIP-ViT-L/14 degrades
substantially under DEM-based augmentation. Pretraining
therefore does not, by itself, guarantee effective use of
auxiliary topographic inputs.

Taken together, these results suggest that DEM and
slope should not be treated as universally helpful auxiliary
inputs for flood extent mapping on KUROSIWO. In this
ablation, Slope provides the most favorable aggregate trade-
off, but the gains are modest and architecture-dependent.
More broadly, these findings should not be interpreted as
evidence that topographic priors are intrinsically unhelpful
for flood mapping. Rather, their utility may depend on
the spatial resolution and alignment of the topographic
data, the sensor resolution, and the fusion strategy used
by the model. It is therefore plausible that topographic
priors would become more beneficial in higher-resolution
settings, where finer-scale terrain structure is better aligned
with inundation boundaries, but this remains to be verified
empirically.

B.3 How Well Do Different Model Families Exploit mul-
tispectral Information?

NIR and SWIR bands carry diagnostic information for
burned area mapping is well established. The more relevant
question for this review is whether models pre-trained on
RGB imagery can effectively exploit these additional bands
when made available, or whether their learned represen-
tations remain anchored to the visible spectrum. We test
this on FLOGA by comparing all models under two input
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configurations: RGB only (3 visible bands) and full Sentinel-
2 (9 bands including NIR and SWIR). Table 14 reports the
results.

The response to additional spectral bands varies dramat-
ically across model families, revealing more about repre-
sentational capacity than about burned area mapping itself.
Three patterns emerge.

General vision foundation models pre-trained on RGB
are largely unable to exploit multispectral inputs. DI-
NOv2 (ViT-B) gains effectively nothing (AF; = +0.01),
and CLIP (ViT-L) gains only 1.16 points. Despite fine-
tuning, their feature extractors appear to map unfamiliar
spectral channels to redundant representations, effectively
ignoring the additional information. This suggests that
RGB-scale pre-training creates a representational bottleneck
that lightweight adaptation cannot overcome for non-RGB
modalities.

EO-native foundation models, by contrast, show sub-
stantial gains (AF; of +9.8 to +14.6 for SatMAE, SkySense,
and Spectral GPT). This is one of the few settings in our
entire benchmark where EO-specific pre-training confers
a clear, measurable advantage over general vision pre-
training. The result indicates that exposure to multispectral
data during pre-training does produce representations ca-
pable of leveraging NIR and SWIR information, even if this
advantage does not manifest on RGB-only tasks.

Standard deep learning architectures without pre-
training occupy a middle ground but reveal an important
pattern. Most CNNs and Transformers improve by 2-8
points, consistent with their ability to learn spectral features
from scratch during task-specific training. The most striking
case is ChangeMamba, which moves from the weakest
model on RGB (F; = 72.60%) to the strongest on Sentinel-2
(F1 = 92.22%, AF; = +19.6). Its temporal scanning mecha-
nism, largely ineffective on RGB colour differences, becomes
highly discriminative when operating on the pronounced
NIR/SWIR contrast between pre- and post-fire vegetation
states. This demonstrates that architectural evaluations can
be fundamentally misleading when conducted on a single
input configuration: a model judged inferior on RGB may
be superior under the operationally relevant multispectral
setting.

The practical implication is twofold. For burned area
mapping, input configuration matters more than architec-
tural choice: a simple UNet with Sentinel-2 input (F; =
91.99%) outperforms every general vision FM on RGB
regardless of parameter count. For the foundation model
community, the RGB lock-in effect observed here poses
a concrete challenge: if pre-trained representations cannot
absorb non-RGB channels, the promise of universal feature
extractors remains unfulfilled for multispectral EO applica-
tions.

B.4 Investigation of Global Building Footprint Products
for Building Damage Mapping

A practical question for operational damage mapping is
whether existing global building footprint products can sub-
stitute for, or complement, the building localization branch
of dedicated damage models. If these products provide
sufficiently accurate footprints, damage assessment could be
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TABLE 15
Agreement between global building footprint products and BRIGHT annotations. Three evaluation settings are reported: All tiles treats missing
coverage as negative predictions; Covered tiles restricts evaluation to tiles where the product has non-empty predictions; Joint coverage evaluates
only the 168 tiles (4.0% of the dataset) where all three products have predictions. All metrics are pixel-level binary agreement with BRIGHT labels
(damage level > 1 binarized as building).

Product Tiles Cov.(%) All tiles (n = 4,246) Covered tiles Joint coverage (n = 168)
Pre. Rec. Fq IoU Pre. Rec. F1 TIoU Pre. Rec. Fq ToU
Overture Maps 3,135 73.83 | 7524 55.14 63.64 46.67 | 7524 5752 6520 4837 | 55.84 5827 57.03 39.89
Microsoft Building Footprints 2,287 53.86 | 74.08 46.55 57.18 40.03 | 74.08 58.78 65.55 4875 | 67.72 42.04 51.88 35.03
Google Open Buildings 1,068 2515 | 6890 727 1314 7.03 | 6890 3579 4711 30.81 | 6525 52.69 5830 41.14

simplified to semantic segmentation followed by footprint
intersection, as discussed in Section 2. We evaluate this ques-
tion in two steps: first, we measure the spatial agreement
between three widely used products and expert annotations;
second, we test whether these footprints can serve as pseudo
labels for training damage mapping models.

B.4.1 Spatial Agreement with Expert Annotations

We compare Overture Maps’, Microsoft Building Foot-
prints'’, and Google Open Buildings'' against the BRIGHT
dataset [58] by rasterizing their polygons onto the BRIGHT
label grid and computing pixel-level binary agreement
(treating all damage levels as building-positive).

As shown in Table 15, coverage varies dramatically:
Overture provides predictions for 73.83% of BRIGHT tiles,
Microsoft for 53.86%, and Google for only 25.15%. The
intersection where all three products have non-empty pre-
dictions covers a mere 4.0% of the dataset. On the full
dataset (counting missing coverage as all-negative), Over-
ture achieves the highest IoU (46.67%), followed by Mi-
crosoft (40.03%) and Google (7.03%). Google’s low score is
driven primarily by limited geographic coverage rather than
poor prediction quality: on tiles where each product actu-
ally provides predictions, Overture and Microsoft achieve
comparable IoU (48.37% and 48.75%), while Google reaches
30.81%. On the joint-coverage subset, Google slightly out-
performs the other two, suggesting that where it does pro-
vide data, its footprints are competitive.

Across all products and settings, recall rate is consis-
tently lower than precision rate, indicating that the pri-
mary failure mode is omission rather than false detection,
a pattern likely exacerbated in post-disaster settings where
damaged structures no longer match the intact-building
signatures these products were trained on.

The event-level breakdown in Table 16 reveals sharp
geographic disparities. All three products perform best
in regions with dense, well-mapped urban infrastructure
(e.g., Turkey-Earthquake, Beirut-Explosion). Performance
degrades in the Global South and in areas with informal
construction. Most critically, several products have zero
coverage for entire events: Microsoft provides no footprints
for La Palma, Libya, or Morocco; Google covers none of the
events in Turkey, Ukraine, Morocco, or six other locations.
A damage mapping pipeline relying on any single product
would therefore have complete blind spots for certain dis-
asters.

9. https:/ /overturemaps.org/
10. https:/ / github.com /microsoft/GlobalMLBuildingFootprints /
11. https:/ /sites.research.google/gr/open-buildings/

Pixel-level agreement is a useful geometric check, but
in practice historical footprints are mainly used to provide
building locations. For that purpose, exact boundary align-
ment is less important than whether a building is covered
at all; missing a building is more consequential than a small
contour offset. We therefore further evaluate the products
at the building-instance level using the aligned instance
annotations of BRIGHT. Table 17 reports the resulting GT-
centric building coverage.

The instance-level analysis sharpens the picture from the
raster comparison. Overture remains the strongest overall
product, achieving an instance recall of 73.48% at a 10%
coverage threshold, compared with 64.55% for Microsoft
and 16.18% for Google. Microsoft has the highest polygon-
level precision (82.55%), indicating cleaner predictions but
lower coverage than Overture. Google again appears com-
petitive only where it has actual support, but its sparse event
coverage causes its whole-dataset building recall to collapse.
This result is important for disaster mapping: the main
limitation of these products is not only imperfect boundary
alignment, but also systematic omission of buildings and
entire uncovered regions.

B.4.2 Training with Footprint-Derived Pseudo Labels

The agreement analysis above measures footprint quality as
a geometric prior. A more demanding test is whether these
footprints can replace expert annotations entirely during
model training. To evaluate this, we trained ChangeMamba
on BRIGHT using Overture polygons as pseudo labels for
the localization branch, while retaining the original damage
grade annotations for classification. Table 18 compares the
resulting model against the same architecture trained with
expert labels.

The pseudo-label model achieves a localization F1 of
70.84%, a drop of 20 points from the expert-trained baseline
(90.99%). Damage classification degrades further: Ff falls
from 75.47% to 46.16%, with the sharpest decline on the
“destroyed” class (IoU = 17.56%). This disproportionate fail-
ure on severe damage has a specific cause beyond general
label noise: footprint products are constructed from more
recent available imagery, which often postdates the disaster.
Buildings that were completely destroyed may therefore be
absent from or misrepresented in the polygons, introducing
systematic temporal misalignment between pseudo labels
and the actual pre-disaster building inventory. Less severe
damage categories, where buildings remain largely intact in
post-disaster imagery, are less affected.


https://overturemaps.org/
https://github.com/microsoft/GlobalMLBuildingFootprints/
https://sites.research.google/gr/open-buildings/
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TABLE 16
Event-level building footprint agreement on BRIGHT, evaluated on tiles where each product has non-empty predictions. Coverage shows the
number of covered tiles and percentage of the event’s total tiles. Events are sorted by total sample count. “~” indicates zero coverage.

Event Tiles Overture Maps Microsoft Building Footprints Google Open Buildings

Cow. Pre. Rec. F ToU Cow. Pre. Rec. F1 IoU Cow. Pre. Rec. F ToU
Turkey-Earthquake 1,114 | 1,105(99.2%) 76.67 5843 66.32 49.61 | 1,109 (99.6%) 7586 6190 68.17 51.72 - - - - -
La Palma-Volcano 933 666 (71.4%) 87.63 5629 68,54 5214 - - - - - 614 (65.8%) 8533 2634 4025 25.19
Morocco-Earthquake 567 194 (34.2%) 61.57 32,61 42.64 27.09 - - - - - - - - - -
Ukraine-Conflict 513 448 (87.3%) 6939 6123 65.06 48.21 452 (88.1%) 76.81 63.66 69.62 53.39 - - - - -
Mexico-Hurricane 212 179 (844%) 6892 6413 66.44 49.75 111 (524%) 71.82 5319 61.12 44.01 | 180(84.9%) 81.62 4737 5995 4281
Beirut-Explosion 133 125 (94.0%) 73.85 51.84 6092 43.80 133 (100%) 74.17 5190 61.07 43.95 - - - - -
Myanmar-Hurricane 126 12 (9.5%) 7580 937 16.68 9.10 78 (61.9%) 4579 36.09 40.36 25.28 - - - - -
Libya-Flood 124 111 (89.5%) 87.31 6330 73.39 57.97 - - - - - - - - - -
Congo-Volcano 123 118 (95.9%) 34.89 5397 4238 26.89 58 (47.2%) 36.17 855 13.83 743 | 103(83.7%) 43.05 5758 49.26 32.68
Bata-Explosion 107 4(3.7%) 2951 1239 1745 956 94 (87.9%) 51.17 56.83 53.85 36.85 98 (91.6%) 4252 4796 45.08 29.10
Noto-Earthquake 79 48 (60.8%) 77.31 65.05 70.65 54.62 50 (63.3%) 5824 4489 50.70 33.96 - - - - -
Marshall-Wildfire 77 59 (76.6%) 7135 66.38 68.78 5241 75(97.4%) 7053 78.00 74.07 58.82 - - - - -
Haiti-Earthquake 73 5(6.8%) 5814 981 1678 9.16 69 (94.5%) 6248 29.15 39.76 24.81 73 (100%) 56.80 52.10 54.35 37.31
Hawaii-Wildfire 65 61(93.8%) 6734 3887 49.29 32.70 58 (89.2%) 4648 2378 3147 18.67 - - - - -

TABLE 17
Building instance-level coverage of global footprint products on BRIGHT. We report GT-centric instance coverage using aligned building-instance
annotations. “Prediction Precision (Any)” is the fraction of predicted polygons overlapping at least one annotated building. “Instance Recall @ 0.1”
indicates that a building is counted as covered when at least 10% of its annotated footprint is overlapped by a product polygon.

Product Pred. Prec. (Any)t Inst. Rec. (Any)t Inst. Rec.@0.11 Inst. Rec.@0.51  Area Rec.@0.11
Overture 79.46 77.26 73.48 46.54 80.96
Microsoft 82.55 68.76 64.55 42.50 73.33
Google 70.60 17.89 16.18 10.14 10.18
TABLE 18 of the Global South, but also temporally aligned footprint

Impact of replacing expert annotations with Overture footprint pseudo
labels for training ChangeMamba on BRIGHT. Per-class loU is reported
for the pseudo-label model.

Training labels Flpe FStf OA  mloU
Expert 90.99 7547 9631  68.92
Overture pseudo labels  70.84 46.16 9224  48.83

Per-class IoU

Intact
51.54

Background
92.45

Damaged  Destroyed
33.78 17.56

B.4.3 Summary

Taken together, these experiments show that global building
footprint products are useful but insufficient for operational
damage mapping. Although their footprints could poten-
tially serve as geometric priors for post-processing (e.g.,
majority voting within footprints) to improve spatial consis-
tency, this remains to be validated experimentally. Among
the three products evaluated, Overture Maps currently of-
fers the best coverage-quality trade-off. However, even the
best product achieves a localization F1 of only 65% on its
covered tiles, compared to 89-91% from dedicated models,
and using footprints as training labels leads to substantial
degradation, particularly for destroyed classes.

Moreover, the event-level analysis reveals that no single
product guarantees coverage for all disasters. Microsoft
and Google each have zero footprints for multiple events,
making any pipeline built on a single product vulnerable to
complete blind spots. Closing these gaps would require not
only broader geographic coverage in disaster-prone regions

products that reflect the pre-disaster building inventory.
As our pseudo-label experiment shows, footprints derived
from post-disaster imagery systematically omit destroyed
buildings, which is the primary cause of the disproportion-
ate degradation on severe damage classes.

B.5 Sensitivity to Pre-event Optical Source Variability

In cross-modal damage mapping, the pre-event optical
image serves as the reference against which post-event
SAR observations are interpreted. The model must learn to
distinguish genuine damage-induced changes in the SAR
signal from the inherent appearance gap between optical
and SAR modalities. Variations in the pre-event optical
source, including spatial resolution, radiometric character-
istics, orthorectification quality, and viewing or illumination
conditions, may introduce source-specific discrepancies that
are unrelated to actual damage. To show the effect of this
sensitivity, we evaluate ChangeMamba and Swin-Small on
the 2025 Saganoseki fire case study using pre-event optical
imagery from three different providers: Maxar, GSI, and
Bing Maps.

The qualitative results in Fig. 10 reveal a clear pat-
tern.When Maxar imagery is used, both models produce
damage maps that are broadly consistent with the refer-
ence labels in Fig. 10-(I). When GSI or Bing imagery is
substituted in Fig. 10-(b)—(c), damage classification degrades
substantially in both ChangeMamba and Swin-Small, as
shown in Fig. 10-(d)-(i). Building localization, however,
remains largely accurate across all three sources. This sug-
gests that building localization is less sensitive to the choice
of pre-event optical source, whereas damage grading is
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Fig. 10. Qualitative comparison of cross-modal damage mapping results under different pre-event optical sources for the 2025 Saganoseki fire
case. (a)—(c) Pre-event optical imagery from Maxar, Bing Maps, and GSlI, respectively; (j) post-event SAR image. (d)—(f) Damage maps predicted
by ChangeMamba and (g)—(i) those predicted by Swin-Small using each pre-event source. (k) Post-event UAV image and (l) damage reference.

more dependent on the learned cross-modal correspondence
between pre-event optical appearance and post-event SAR
response. When an unfamiliar optical source is introduced,
the model’s learned mapping from optical appearance to
expected SAR response is disrupted, and the subtle cross-
modal cues that distinguish damage levels are overwhelmed
by source-induced distribution shift.

This finding has direct operational implications. In rapid
response, the pre-event optical reference is often sourced
from whatever archive or basemap is available, which may
differ from the imagery used during training. Our results
indicate that pre-event source mismatch can be a substantial
source of error, in some cases comparable to or larger
than the differences between model architectures. Mitigat-
ing this sensitivity through source-diverse training aug-
mentation, optical preprocessing harmonization, or explicit
cross-source domain adaptation is an important priority for
operational cross-modal damage mapping.
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