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Abstract. Flood-segmentation models for Sentinel-1 synthetic aperture radar (SAR) are usually ranked by cross-validation on
benchmark chips whose labels share sensors, dates and definitions with the model inputs. We measure how far such scores
carry to operational reference maps, what limits them there, and whether adapting a model to the reference helps. The reference
is Copernicus Emergency Management Service (CEMS) rapid mapping: the delineations of 38 flood activations from 2023
to 2026 drawn on non-Sentinel radar satellites, against which every model is applied, without training on these events, at its
own calibrated threshold. A gated cross-attention SAR—optical fusion model that scores 0.608 IoU in leave-one-event-out
cross-validation on Sen1Floods11 scores 0.266 on these maps, below a physics baseline (0.373); trained on Kuro Siwo’s flood
labels, the same architecture scores 0.407. Our v1.2 model adds a seasonal Sentinel-1 reference and is trained on 7,006 chips
from 138 floods (Kuro Siwo and GEOID-Flood). It scores 0.417 IoU, against 0.405 for TerraMind-base adapted with LoRA
to the same labels and tuning budget, and 0.419 against 0.321 for Copernicus’s Global Flood Monitoring (GFM) ensemble on
the 34 activations GFM covers, with GFM’s exclusion mask scored as dry. At each activation’s best threshold in hindsight, our
model would reach 0.468. The reference is itself uncertain: consecutive CEMS delineations of the same area, made 624 h
apart, agree with each other at 0.520 macro IoU over 34 activations; on the 27 activations in both sets, the model scores 0.433
and the consecutive products 0.536. Adapting to the reference does not close the remaining gap. In grouped cross-validation
over the 38 activations, a threshold refitted on the other folds gains 0.002, and fine-tuning on their CEMS labels loses 0.041
(0.380 against 0.421), so an adoption rule fixed in advance adopted neither. Because this benchmark had been seen during
development, all of these comparisons are exploratory. The confirmatory test is preregistered: every eligible CEMS flood
activation from EMSR899 on is scored by models frozen at a git tag, and the hashes of the sealed scores are committed to a
hash-chained ledger until 20 activations in 15 clusters are scored, or until the end of 2027. The frozen weights are public and
drive a service that maps new floods from Sentinel-1, showing the model’s map with no reference and no score. We also report
two errata in our earlier results.
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1 Introduction

Radar is central to flood mapping: the weather that floods
a valley is the weather that clouds it, and the C-band syn-
thetic aperture radar (SAR) on Sentinel-1 sees the ground
through cloud, day and night. Two Copernicus services
map floods operationally. Rapid mapping by the Emer-
gency Management Service (CEMS) produces on-demand
delineations for each activation, drawn by analysts on satel-
lite imagery ranging from very-high-resolution commercial
images to Sentinel data [1]. The Global Flood Monitor-
ing (GFM) product runs an ensemble of three algorithms
on every Sentinel-1 acquisition, worldwide and automati-
cally [2, 3]. Deep-learning segmentation models trained on
benchmark data sets—Sen1Floods11 [4], Kuro Siwo [5] and,
recently, GEOID-Flood [6]—and geospatial foundation mod-
els such as TerraMind [7] are proposed as more accurate al-
ternatives.

Such claims are mostly measured by cross-validation on
benchmark chips. Spatial dependence between training and

test data is known to inflate such estimates [8—10], and flood
benchmarks add couplings of their own: Senl1Floods11’s la-
bels were drawn mostly on the Sentinel-2 image that a fu-
sion model also receives, and they mark water on a date
rather than flood. Recent comparisons also suggest that the
encoder matters less than its reputation. PANGAEA finds
that foundation models do not consistently outperform super-
vised baselines [11]; GEOID-Flood reports a consistent but
modest advantage for them [6]; and in a global evaluation of
fine-tuned TerraMind, a U-Net reached higher recall than ev-
ery TerraMind configuration, at slightly lower accuracy and
precision [12].

We ask five questions. (Q1) How far do cross-validation
scores carry to independent operational maps? (Q2) Does a
task-specific model with radar context beat a fairly adapted
foundation model, and the operational GFM product? (Q3)
How well does the reference agree with itself? (Q4) Does
adapting a model to the reference’s own labels close the gap?
(Q5) How can such claims be tested without the test set shap-
ing the model? We address Q1, and Q2 descriptively, on a
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benchmark of 38 CEMS flood activations from 2023-2026,
fixed by a preregistered rule before any model was scored on
it (release v1.2). Q3 and Q4 are answered on the same seen
benchmark under a second protocol, committed before any
of its numbers existed (release v1.3). Because that bench-
mark was seen during development, our answers there are
exploratory. A preregistered blind test, now running, will an-
swer Q2 confirmatorily; it is also our answer to Q5. Our con-
tributions are:

* A measured gap between cross-validation and indepen-
dent operational maps. SenlFloods11-trained optical mod-
els fall from about 0.6 IoU in leave-one-event-out cross-
validation to 0.27-0.30, below a physics baseline. The
training data, labels included, move scores far more than
the architecture or the optical input (Section 5.1).

¢ A seasonal-context model (v1.2) and a fair foundation-
model opponent: TerraMind-base with LoRA, a siamese
pre/post input, its DEM and an equal tuning budget, trained
on the same pool of 138 floods. On the CEMS maps the
two nearly tie (0.417 vs 0.405). An apparent 0.08 IoU ad-
vantage in cross-validation was mostly threshold transfer
(Sections 5.2-5.3).

* An exploratory comparison with Copernicus GFM on the
floods it covers (0.419 vs 0.321). The gap lies more in
GFM’s fixed decision rule, exclusion mask included, than
in how its likelihood ranks pixels (Section 5.4).

* A measurement, which we have not found published, of
how well consecutive CEMS delineations of the same flood
agree: 0.520 macro IoU over 34 activations, against the
models’ 0.42. Per activation, the model’s score is associ-
ated with that agreement (post hoc, Spearman p = 0.51;
Section 5.5).

* An adaptation ladder with an adoption rule fixed in advance.
Neither a threshold refitted on other CEMS floods (+0.002)
nor fine-tuning on their labels (—0.041) was adopted (Sec-
tion 5.6).

* A preregistered blind test on CEMS activations that no
model had seen, with hash-committed scores and a power
analysis (Section 6), and the frozen model released with
a service that maps new floods from each Sentinel-1 pass,
under rules that keep the blind test intact (Section 7).

¢ Two errata in our own earlier results (Section 4.5), and an
account of the project’s provenance and of how an Al cod-
ing agent was used to build and audit it (Section 9).

2 Related work

SAR flood mapping. Operational SAR flood mapping
thresholds the low backscatter of calm water, compares the
image with a reference acquisition, and masks terrain where
flooding is implausible, for instance by the height above the
nearest drainage (HAND) [13]. GFM combines three such al-
gorithms into an ensemble flood extent with a per-pixel like-
lihood [2, 3], and ships an exclusion mask where SAR can-
not see flooding: radar shadow, layover, dense vegetation and
built-up areas.

Benchmarks. SenlFloodsl1 pairs Sentinel-1 chips with
hand-labelled water from 11 events [4]. Kuro Siwo pro-
vides flood polygons drawn on Sentinel-1 for multi-temporal

flood mapping [5]. GEOID-Flood, derived from CEMS ac-
tivations, spans 219 events in 65 countries, with pre- and
post-event Sentinel-1, a pre-event Sentinel-2 composite, a
DEM and validated labels that separate permanent water from
flood [6].

Foundation models. TerraMind is an any-to-any genera-
tive multimodal model pre-trained on nine geospatial modal-
ities [7]; TerraTorch packages it, with other geospatial foun-
dation models, for fine-tuning [14]. Low-rank adaptation
(LoRA) [15] lets a large encoder adapt on a small GPU.
Where no seasonally matched pre-event image is available,
context helps across backbones: on two held-out US flood
events, AlphaEarth embeddings [16] and a DEM each im-
proved single-date SAR segmentation for four backbones,
TerraMind among them [17].

Reference data. SAR flood maps are validated against
analyst delineations or against water mapped on a near-
simultaneous optical image, and the reference is usually taken
as truth. CEMS rapid-mapping products are generalised
maps, drawn under time pressure on whatever images are
available [1]. Agreement between annotators is a standard
check of segmentation labels in other fields, but to our knowl-
edge no published study measures how well two CEMS de-
lineations of the same flood agree.

Evaluation practice. We borrow two practices from fields
whose evaluation sets are scarce and reused: spatially
grouped validation [8, 10], and preregistration, in which hy-
potheses, analyses and stopping rules are committed before
the outcomes that will test them have been observed [18].

3 Data

3.1 Inputs

Every input is fetched from Microsoft Planetary Com-

puter [19], with no account or key. The inputs are:

» Sentinel-1 radiometrically terrain-corrected backscatter y°
(VV, VH) of the post-event pass, and of the latest same-
orbit pass up to 60 days earlier;

* Sentinel-2 L2A bands B3, B8 and B11, with a per-pixel
quality from the scene classification;

¢ the Copernicus GLO-30 DEM, from which slope, HAND,
the local incidence angle, radar shadow and layover are de-
rived;

* JRC Global Surface Water [20] for permanent water, and
ESA WorldCover [21] for analysis.

All layers are resampled to one 10 m UTM grid on the SAR

geometry. Training chips are 256 x 256 pixels (2.56 km).

3.2 Training sets

Sen1Floods11 (v1.0, v1.1) supplies hand labels of water. We
use them as flood, after removing JRC permanent water, on
10 of its 11 events; Paraguay’s acquisition is missing from
the archive. Kuro Siwo (v1.1, v1.2) supplies flood polygons
drawn on radar, for 36 events in 29 groups of events within
100km. vl.1 also built SenlFloods11-like water labels on
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the same chips (Section 5.1). GEOID-Flood (v1.2, revision
868407460bf3) supplies 111 events from before EMSR656
that Kuro Siwo lacks, of which 102 produced chips (report
s/v1_2_deviations.md). Its class 2 is flood and its class 1
permanent water. A square must have at least 50 % labelled
pixels.

The v1.2 pool joins the two flood-label sets. It holds 7,006
chips from 827 stacks of 138 floods, in 81 location groups
formed by 100 km single linkage across both sets. The largest
group holds 13.6 % of the windows, below the 25 % threshold,
fixed before any run, for switching to buffered spatial blocks.
Cross-validation is grouped five-fold, and each group is tested
once by a model that never saw it.

3.3 The CEMS 2023-26 benchmark

v1.1’s preregistered protocol fixed the benchmark before any

vl.1 model was trained. A census of codes EMSR656—

EMSR898 found 233 public activation records, 86 of them

floods. One rule applied to every delineation product:

e all of its source images are non-Sentinel: radar such as
COSMO-SkyMed, PAZ, RADARSAT-2, TerraSAR-X or
ICEYE, or very-high-resolution optical such as Pléiades or
WorldView;

* its package is published;

* aSentinel-1 acquisition lies within +24 h of its latest image
and covers at least half of its extent;

* a same-orbit pre-event acquisition exists.

44 activations with 117 areas of interest (AOIs) qualified.

Each activation keeps at most four AOIs, and each AOI at

most 16 tiles, drawn by a seeded generator blind to the flood

and to every model. That leaves 90 (product, pass) pairs on

605 tiles. A pixel is scored if it lies inside the product’s ob-

served region, has valid SAR and is outside permanent water.
The primary stratum holds the products drawn on radar

satellites: the conservative test for an optical input. Exclud-

ing EMSR664 (Forli, a case study before v1.1) leaves 38

activations, with 75 pairs and 3,395 km? (original tiles) of

mapped flood. Of these pairs, 34 were drawn on very-high-

resolution images (CEMS class VHR2) and 41 on coarser im-

ages (class HR+). One storm can trigger several activations,

so activations within 100 km and 60 days of each other (single
linkage) form clusters: 30 of them. Every result is reported
at both unit definitions.

3.4 Copernicus GFM as a comparator

We read GFM from the EODC STAC catalogue, anony-
mously. For each pair we take the GFM item of the exact post-
event Sentinel-1 frame, matched by acquisition start time,
and resample its ensemble flood extent (binary) and ensem-
ble likelihood (0—100) onto the tile grid by nearest neighbour.
GFM is never a model input.

* Coverage. 557 of the 605 tiles have a GFM product. Eight
pairs have none: six are Sentinel-1C frames from before
GFM began processing Sentinel-1C in October 2025, and
two are Sentinel-1A frames.

e Versions. The tiles span GFM v3.1.0 (328), v4.0.0 (24)
and v4.1.0 (205).

e Units. A unit counts for GFM only where GFM covers at
least 95 % of its scored pixels, so that missing GFM pixels

do not count as misses. 69 of the 75 primary pairs qualify,
giving 34 activations in 26 clusters.

3.5 v1.3: the benchmark’s labels, and consec-
utive delineations

Copernicus’s own labels for training. v1.3’s ladder (Sec-
tion 4.4) trains on the benchmark’s labels, which follow the
blind test’s definition of flood exactly. It uses every pair of
the benchmark except EMSR664’s: 89 pairs from 43 activa-
tions, 30,834 chips of the rebuilt stacks. Testing and selection
use the primary stratum only (75 pairs, 38 activations, 27,501
chips). Training and validation also use the 14 pairs whose
products were drawn wholly or partly on optical images, a
choice the author made before any run, for more training data.
A pixel trains and scores only where the scorer would score it,
and its label is the product’s observed flood, so training and
scoring share one pixel definition.

Groups. Activations whose footprints lie within 100 km
of each other form one group, whatever their dates (single
linkage), so a place mapped twice never both trains a model
and tests it. There are 34 groups, 30 of them with radar-drawn
pairs; the largest holds 12.4 % of the chips, below the 25 %
rule. Four of the 30 clusters of Section 3.3 span two folds:
their activations’ tiles lie more than 100 km apart, so a fold
model can train on one activation of a storm and be tested
on another activation of the same storm, in a different place.
This was disclosed before any ladder number existed.

Consecutive delineations. For the reference ceiling we
take, in every AOI of the seen flood activations (EMSR656—
898), each pair of consecutive delivered delineation products
whose latest source images are at most 24 h apart: the bench-
mark’s own window between a product and its Sentinel-1
pass. A metadata probe had counted 111 pairs in 45 activa-
tions, but 221 of the 883 dated delineation products have no
download path (an AOI product never made), and only de-
livered products are maps. That leaves 80 pairs in 34 activa-
tions, fixed before any product was compared. One package
returns HTTP 404, so 79 pairs are compared. No code from
EMSRS899 on is read.

4 Methods
4.1 Models

The physics baseline uses no learning. Every learned model
shares one training recipe and one decision rule (Section 4.2).

Physics baseline (row 2). A tile-adaptive backscatter
threshold is combined with a change term against the pre-
event pass and with terrain masks (HAND, slope, radar
shadow and layover, permanent water). One offset is set on
Senl1Floods11 validation data.

SAR U-Net (row 4). A U-Net [22] on Sentinel-1 backscat-
ter alone. It reads no terrain and no optical input.

Gated cross-attention fusion (row 9). Two encoders (64—
512 channels, GroupNorm) read, respectively, the SAR stack
with terrain (slope, log(1+HAND), local incidence) and the
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Table 1: Data sets, their roles and their use. “Seen” means that the data informed development: only the blind set can test the hypotheses.

Data set Role

Labels or content

Size used Licence

Senl1Floods11 [4] training (v1.0, v1.1)  hand-labelled

ter, drawn mostly on

Sentinel-2

Kuro Siwo [5] training (v1.1, v1.2)
Sentinel-1

GEOID-Flood [6] training (v1.2)
ter, validated

v1.2 pool training, CV
water

CEMS 2023-26 evaluation (seen)
Copernicus GFM comparator
and likelihood

ladder (v1.3) as

radar or optical

CEMS, all strata

CEMS product pairs ceiling (v1.3)

Blind set (EMSR > 899)  confirmatory test as CEMS

flood polygons drawn on
flood and permanent wa-
flood minus permanent
analyst delineations on
non-Sentinel imagery

ensemble flood extent

CEMS, drawn on

two delineations of one
AOI, <24h apart

none declared; not redis-
tributed

wa- 10 events

36 events, 29 groups CC BY (data), MIT
(code)

102 events before EMSR656 CCBY 4.0
7,006 chips, 138 floods, 81 —

groups

38 activations, 30 clusters, 75
pairs

34 activations, 26 clusters

© EU, CEMS terms
© EU, CEMS terms
89 pairs, 43 activations, 34 © EU, CEMS terms
groups

79 pairs, 34 activations © EU, CEMS terms

accruing © EU, CEMS terms

optical bands (B3, BS, B11, MNDWI). The SAR stack has
five channels: VV and VH after and before the event, and
their VV difference. At 1/8 resolution the optical features
query the SAR features through eight attention heads. A
learned per-pixel gate g = o (MLP([q; F,; Fs])) € [0,1], a
function of the optical quality ¢ and both feature maps, adds
the result to the SAR stream:

F=F,+g0Attn(Q=F, K=F,V=F;). (1)

With the gate closed, the output is exactly that of the net-
work’s own SAR-and-terrain path. Missing optical is a
learned embedding, never zeros, and per-sample modality
dropout (p = 0.5) trains the SAR-only path. A U-Net de-
coder (256 to 32 channels) produces the flood logits.

v1.2: seasonal context (row 21). The seasonal reference
lets the model ask not only is this pixel water? but is this
water unusual for this place and season? A sidecar layer
holds it: the median, in linear power, of every same-orbit
Sentinel-1 acquisition within +30 days of the same date one
year earlier, taken over at least three scenes. It contributes
three channels, VV and VH of the seasonal reference and VV
after the event minus VV seasonal (in dB), normalised with
fixed data-set statistics. They enter the SAR-and-terrain en-
coder with an availability channel. Where a stack has no ref-
erence, the model substitutes a learned constant per channel,
and context dropout (p = 0.3) trains that case. The reference
exists for 731 of the 827 pool stacks (88 %) and for 595 of the
605 CEMS tiles (98 %). The motivation came from v1.1’s di-
agnostics. On SenlFloods11 the recent pre-event pass, 5-24
days before the image, was often already flooded. Replacing
it with the seasonal reference lifted the physics baseline by
+0.175 IoU on Senl1Floods11 and by +0.087 on Kuro Siwo.
It did not help on CEMS (0.340 vs 0.371, v1.1 tiles), whose
recent reference had been chosen to precede the activation.
An AlphaEarth context (rows 20 and 22) was planned and
deferred, before any context model was trained: reading the
embeddings from the public mirror took minutes per band
and failed under parallel requests.

Fair TerraMind (row 24). vl.1’s TerraMind saw a sin-

gle date through a frozen encoder. The v1.2 opponent is

TerraMind-1.0-base [7], used through TerraTorch [14]: the

largest variant in a size rule fixed beforehand for an 8 GB

GPU. TerraMind-large was not tried.

e Siamese input. One encoder runs twice with shared
weights. The post-event pass reads Sentinel-1 VV and VH,
Sentinel-2 B3, B8 and B11 where usable (clouded pixels
set to the pre-training mean) and the GLO-30 DEM, Terra-
Mind’s native terrain modality. The pre-event pass reads
Sentinel-1 alone.

* Adaptation. LoRA [15] of rank 8 (@ = 16) adapts the
attention projections. The LoRA update starts at zero, so
at initialisation the encoder is the pre-trained one.

e Head. The tokens of blocks 3, 6, 9 and 12 of both passes
are concatenated, reshaped into a pyramid and decoded by
a U-Net decoder (256 to 32 channels).

e Shared rules. Modality dropout is row 9’s, and the neck
and decoder run once per batch (the erratum 1 fix, Sec-
tion 4.5).

Size and adaptation followed a rule logged before any result.

Base with LoRA was to be used unless a timing probe pro-

jected more than 3 h per pooled cross-validation run, with

base frozen and then small with LoRA as the fallbacks. The
probe projected 0.40h at 2.9 GB of peak reserved memory,
so base with LoRA was used. It trains 20.4 M parameters,
against 18.2 M for row 9. Figure | shows both architectures.

4.2 Training, calibration and selection

Recipe. Every learned model minimises a focal plus Dice
loss with AdamW and a warm-up and cosine schedule. It
trains for at most 30 epochs, stopping early (patience 8) on
the validation macro IoU, with an effective batch of 16 in
bfloat16.

Equal tuning budget. Each family tried the same three
learning rates (3 x 107>, 107#, 3 x 10™*) on an inner split of
fold 0’s training groups. Row 9 chose 3 x 10™#, which row 21
inherits without tuning of its own. TerraMind chose 1074,
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(a) v1.2: fusion with seasonal context (row 21)

Sentinel-1 (5): VV, VH after and
before; AVV

Terrain (3): slope, log(1+HAND),
local incidence

Seasonal context (3+1): VV, VH
a year earlier; VV after — seasonal; —>

available?
optical encoder Q
64-512 ch.

SAR + terrain +
context encoder
64-512 ch.,
GroupNorm

Sentinel-2 (4): B3, BS, B11,
MNDWTI; per-pixel quality

gated cross-attention at 1/8 resolution
F = Fs+g0Attn(Q=F,, K=Fy, V=F)

g = o(MLP([q; Fo; F])) per pixel; >
g = 0: exactly the SAR-and-terrain path;
missing optical: learned embedding;
modality dropout 0.5, context dropout 0.3

calibrated probability
(prior correction,
temperature or Platt)
flood if p > 7" =0.25,
forr = 3

U-Net decoder
256-32 ch.

TerraMind-
base encoder
(frozen) + LoRA r=8

After the event: Sentinel-1 VV,
VH; Sentinel-2 B3, B8, B11 where
usable; GLO-30 DEM

(b) Fair TerraMind: TerraMind-1.0-base + LoRA, siamese (row 24)
A shared

v weights

Before the event: Sentinel-1 VV,
VH same encoder

neck: tokens — image — pyramid

tokens of blocks 3, 6, 9, 12 of both passes
concatenated (2X width)

calibrated probability

U-Net decoder (same rule)

256-32 ch.
¢ flood if p > 7*

decoder learns the change itself

Figure 1: The two systems compared in v1.2. Both are trained on the same pool of 138 floods, with the same loss, schedule, sampler,
calibration and threshold rule. (a) Our model reads terrain and a seasonal Sentinel-1 reference beside the flood image. (b) The fair TerraMind
reads its native modalities, including a pre-event image and its DEM. The comparison is of system against system: what each reads is part

of the comparison.

Calibration and threshold. Calibration is fitted on valida-
tion data only: an analytic correction of the prior shift that the
sampler introduces, then temperature scaling [23], replaced
by Platt scaling [24] when that lowers the validation log-loss
by more than a set margin. A pixel is flooded when its cali-
brated probability exceeds 7 = 1/(1 +r), with a stated miss-
to-false-alarm cost ratio r = 3, so 7* = 0.25. Because each
model’s calibration is its own, so is the threshold on its raw
score. The pipeline also produces a conformal recall thresh-
old [25], which is not evaluated here.

Selection. The candidates were row 9 and row 21, com-
pared in pooled cross-validation on whole test stacks (the de-
ployment operator) as macro IoU at 7* over the 79 groups
with flooded pixels; row 21 had to beat row 9 by more than
0.005. It won, 0.380 to 0.361, better in 49 of the 79 groups.
Two inference add-ons had to raise that mean by at least 0.005
and help a majority of groups:

* per-scene self-calibration, a bounded EM prior shift [26],

changed it by —0.042;

e a HAND cut at 15 m changed it by +0.001 and helped 30
of the 79 groups.
Neither was adopted.

Final models. Each final model trains on four of the five
folds (63 groups, 5,605 chips). The fifth fold’s other 17
groups (617 chips) set early stopping, calibration and the de-
ployment prior. Each model has three seeds (42, 43, 44).

4.3 Maetrics and statistics

IoU per unit. A unit is an activation or a cluster. Its IoU

comes from the confusion counts pooled over its AOIs, tiles

and seeds at each model’s own 7*, and the macro average over

units is reported. We also report three companions:

¢ the oracle IoU, at each unit’s best threshold in hindsight;

e the self-calibrated 1oU, after a per-scene EM prior shift
bounded at |Alogit| < 2;

* the threshold-free average precision (AP).

These three are computed per seed from per-unit histograms
of the calibrated probability, then averaged over seeds.
The histograms have 256 bins equally spaced in logit over
[-10, 10], so a threshold resolves to 0.078 logit.

Tests. A gap between two models is the mean per-unit dif-
ference. We test it with a two-sided sign-flip test, exact up to
20 units and by Monte Carlo with 200,000 patterns above; ev-
ery CEMS test here has at least 26 units. p-values are Holm-
adjusted [27] within each unit definition, and a result counts
only if it holds at both. Intervals are 95 % bootstrap intervals
OVer units.

4.4 v1.3: the reference ceiling and the adapta-
tion ladder

v1.3’s protocol was committed on 10 November 2026, before
any v1.3 model was trained and before any ceiling or ladder
number was computed. It was written with v1.2’s results on
this benchmark known, and they motivated the ladder, so ev-
ery v1.3 number on it is exploratory.

The reference ceiling. Both products of a pair are ras-
terised on a 10 m grid in the AOI’s UTM zone, over the in-
tersection of their observed regions, and their observed-flood
layers are compared. A pair’s IoU is that of the two maps;
an activation’s IoU pools its pairs’ pixel counts; the ceiling
is the macro mean over activations. It is broken down by the
time between the two products’ latest images (< 6 h, 6-24 h),
by sensor pair and by whether the two share a source image.
A sensitivity row drops the pairs whose later product repeats
more than 5% of its flood area from images no later than
the earlier product’s; two maps that share polygons agree by
construction. The reading was fixed in the protocol: agree-
ment near 0.5 means the benchmark is near its ceiling, near
0.8 that most of the gap is the models’. Floods also change
within 24 h, so the ceiling includes real change, as the bench-
mark’s +24 h tolerance between a product and its pass does.
It is descriptive and has no p-value.
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The adaptation ladder. Three rungs are scored on the
same 38 activations, each activation by the fold that held out
its group (grouped five-fold; fold i tests, fold i+1 validates,
the other three train). Every rung uses row 21’s seed 42:
¢ R1, zero-shot: row 21 at its own 7*.
¢ R2, recalibration: R1’s scores, with the threshold refitted

as the argmin of 3 FN +FP (the cost ratio that defines 7*) on

the pooled pixel counts of every radar-drawn pair outside

fold i.

* R3, fine-tuning: row 21’s weights trained further on fold
i’s three training folds (about 18,500 chips), with row 21’s
loss, sampler, augmentation, schedule (at most 30 epochs,
patience 8) and normalisation. Calibration, prior and 7* are
fitted on the validation fold, as for every model here. The
learning rate was chosen from 1073, 3 x 107> and 10~ by
v1.2’s tuning rule on an inner split of fold 0: 107>, by a
margin of 0.00001 in validation macro IoU over 1074,

The measure is macro IoU over the 38 activations from

binned counts; as a code check, R1 with all three seeds repro-

duces row 21’s committed binned score, 0.418 (Section 5.3).

The adoption rule: R2 is adopted over R1 if it gains at least

0.005 and is better on more than half of the 38 activations; R3

is adopted over the highest rung adopted below it by the same

rule. The highest adopted rung would have become v1.3’s

model, frozen and entered in the blind test as H8 (Section 6).

If no rung is adopted, there is no v1.3 model, the null result

is reported and HS is not run. Clusters, AP and the oracle

threshold are reported descriptively. An optional pass of the
fair TerraMind through the same ladder was not run.

4.5 'Two errata

Both defects came to light during v1.2’s planning and
data preparation, after v1.1 had been reported. Each is
documented with its evidence, a regression test and a re-
measurement.

Erratum 1: TerraMind trained without modality
dropout. TerraMind’s configuration set modality dropout to
0.5, as for the fusion model, but the training loop applied
dropout only to the fusion architectures. TerraMind there-
fore trained with p = 0, so its SAR-only path, which most
CEMS pixels need, was barely trained. Its BatchNorm layers
also saw sub-batches of one to three chips. v1.1 had reported
fusion beating TerraMind on CEMS (H4) by +0.031 per acti-
vation (Holm p = 0.034) and +0.039 per cluster (p = 0.009).
In a post-hoc re-run on the same, already seen benchmark
(unadjusted p), TerraMind-small retrained as described rises
from 0.226 to 0.299 IoU, and the comparison reverses: fusion
minus TerraMind is —0.042 [—0.065, —0.018] per activation
(fusion better on 10 of 38, p = 0.001) and —0.043 per cluster
(p = 0.003). The preregistered verdict stands as run, and its
conclusion is withdrawn.

Erratum 2: zero terrain past a DEM tile edge. GLO-30
tiles declare no nodata value, so where a stack’s grid needed
two tiles, the mosaic kept O m beyond the first tile. Slope
and HAND read as zero there, and shadow and layover were
not flagged. The defect touched 172 of the 605 CEMS tiles
(14.6 % of the benchmark’s tile area), 6.4 % of Kuro Siwo’s
stack area and 8.6 % of Sen1Floods11’s. Rebuilt with the fix,
the CEMS tiles move the models that read terrain by +0.002
to +0.010 IoU and the others by at most 0.0001 (Table 2). The

Table 2: Erratum 2 on the CEMS benchmark: macro IoU at * over
38 activations, on the original and the rebuilt tiles (reports/vi_1
_erratum.md).

Model Terrain Original Rebuilt Change
Fusion (Kuro Siwo) yes 0.3967 0.4070 +0.0103
Fusion (Sen1Floods11) yes 0.2575 0.2658 +0.0083
Physics baseline yes  0.3706 0.3725 +0.0019
SAR U-Net (Kuro Siwo) no 0.3945 0.3946 +0.0001
SAR U-Net (SenlFloods11)  no 0.2807 0.2808 +0.0001
TerraMind-small, corrected no 0.2992 0.2992 +0.0000

physics baseline

on CEMS (0.373)
- 0.266 1 0.608
- 0.299 i 0.597
1
|
- 0.281 0.343
1
Fusion (v1.1 best) o 0.407 @¢—0 0535
1
SAR U-Net 0.395 @ «——0 0.505

!
i 03940 @ 0417
'

4 0313 Ls @0.405
:

T T T T T 1
02 0.3 0.4 0.5 0.6 0.7

Macro IoU at the model's own threshold 7 *

O cross-validation
@® 38 CEMS activations

trained on Sen1Floods11
=== trained on Kuro Siwo
trained on Kuro Siwo + GEOID-Flood

Figure 2: Each model’s cross-validation score (open) beside its
score on the 38 CEMS activations (filled). The cross-validation
scores are chip-level macro IoU over held-out events or groups:
three seeds for Sen1Floods11 and Kuro Siwo, one for the v1.2 pool.
The CEMS scores are per-activation macro IoU, seeds pooled, on
the rebuilt tiles. The two are not the same estimand; the size of
the arrows is the point. Sources: reports/vi1l_senlfloodsi1
_table.md, vi1l_kurosiwo_table.md, vl_1_erratum.md,
v12_pool_cv.md, vi2_cems_rebuilt. json.

post-hoc reversal survives (—0.033 per activation, p = 0.005).
Every v1.2 model is trained on rebuilt data and scored on
rebuilt tiles.

5 Results

5.1 Cross-validation does not carry to indepen-
dent maps

Figure 2 sets each model’s cross-validation score beside its

score on the 38 CEMS activations.

* SenlFloods11-trained models. The optical models lose
about half of their score or more: fusion falls from 0.608 in
leave-one-event-out cross-validation to 0.266, and the cor-
rected TerraMind-small from 0.597 to 0.299. The SAR U-
Net falls less (0.343 to 0.281), because its cross-validation
score was low to begin with. All three end below the
physics baseline (0.373).

* Grouping by event does not prevent this. On
Senl1Floods11, the published within-event split scored the
fusion model between 0.03 lower and 0.06 higher than
leave-one-event-out on the same test chips, depending on
the seed, and none of these differences was significant af-
ter Holm. Both protocols sit far above the CEMS score.
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The training data matter more. Trained on Kuro Siwo’s
flood labels, drawn on radar, the same architectures score
0.395 (SAR U-Net) and 0.407 (fusion) on CEMS. Their cross-
validation scores (0.505 and 0.535) overstate them by 0.11 to
0.13 rather than by 0.3. v1.1’s preregistered test of H1 com-
pares two training recipes on identical Kuro Siwo chips that
differ only in the label definition, which also changes the sam-
pling, the early stopping and the calibration. Flood labels beat
water labels by +0.059 ToU per activation (better on 33 of 38,
Holm p < 0.001) and by +0.062 per cluster (27 of 30), on the
original tiles. CEMS maps are themselves flood maps, so part
of this gain is agreement of definitions. H1 is the only v1.1 hy-
pothesis that was supported at both unit definitions and still
stands. H4 was also supported as run, but its conclusion is
withdrawn (Section 4.5). With the v1.2 pool, cross-validation
no longer overstates the CEMS score: row 21 scores 0.394 in
cross-validation and 0.417 on CEMS. The two numbers are
different estimands (chips, one seed and 79 groups, against
activations, three seeds and 38 units). We read them as the
absence of a large bias, not as an exact match. Part of the
agreement may also be shared conventions: GEOID-Flood’s
labels, which cover 102 of the pool’s 138 floods, are them-
selves derived from CEMS delineations [6].

The optical input adds nothing detectable on indepen-
dent maps.

* On SenlFloods11, fusion beat the SAR U-Net by +0.265
on all ten events. Its labels were drawn on the Sentinel-2
image that the model sees.

¢ Onthe CEMS activations where optical was usable (> 50 %
clear; vl.1 tiles), the gain was +0.038 [—0.024,+0.108]:
not significant over eight activations (Holm p = 0.344),
and no verdict, because seven clusters were too few.

* Under partial cloud (10-50 % clear, 15 activations, descrip-
tive, v1.1 tiles), the Senl1Floods11-trained fusion model
scored 0.254 with optical and 0.307 without.

¢ Trained on Kuro Siwo, the fusion model scores 0.397 with
optical and 0.398 without (both on the v1.1 tiles).

e In the v1.2 pooled cross-validation, row 9 with op-
tical minus row 9 without it at inference is —0.001
[-0.011,+0.005].

5.2 v1.2 against the fair TerraMind in cross-
validation

In pooled cross-validation, row 21 scores 0.394 at its own
threshold and the fair TerraMind 0.313, a gap of 0.080 (Ta-
ble 4). Most of it is threshold transfer. Each fold cali-
brates its threshold on the next fold’s groups. Re-fitting each
group’s threshold on all the other groups (cross-fitting, from
the stored counts, with no retraining) lifts TerraMind to 0.369
and leaves row 21 at 0.392: a gap of 0.023. At each group’s
best threshold the gap is 0.024 (0.430 vs 0.406). Threshold-
free, row 21 leads by 0.034 AP (0.651 vs 0.617, fold-level).
Row 9, the same model without the seasonal context, scores
0.383, and 0.382 cross-fitted. The seasonal context’s edge
over it is single-seed and modest.

5.3 On 38 CEMS activations: a near tie

The frozen models were scored once, after the freeze, on the
rebuilt tiles (Table 3, Figure 3).

¢ Row 21 scores 0.417 IoU at 7* and 0.598 AP.

¢ The fair TerraMind scores 0.405 and 0.583.

¢ v1.1’s best model scores 0.407 and 0.527.

Row 21 is better than TerraMind on 24 of the 38 activations
(+0.012 ToU, +0.015 AP), and better than v1.1’s best on 22
of 38 (+0.010). With the blind test’s own analysis (Table 5),
neither gap is significant.

Why the cross-validation gap shrank. Three observations
bound the explanation.

(i) Threshold transfer accounted for most of the cross-
validation gap (Section 5.2).

(i1)) On CEMS, TerraMind’s threshold transfers well. On
the same binned per-seed scores, its IoU at 7* (0.407)
is 0.039 below its per-activation oracle (0.446), against
0.050 for row 21 (0.418 and 0.468).

(iii) The threshold-free gap also shrank, from 0.034 AP in

cross-validation to 0.015 on CEMS.

The cross-validation comparison is single-seed and chip-
level, the CEMS comparison three-seed and activation-level,
and 38 activations resolve gaps of this size poorly. We there-
fore read the result as follows: on these maps, our task-
specific model and the LoRA-adapted TerraMind-base are
not distinguishable at this sample size (Holm p = 0.37). Both
were trained and scored on data rebuilt with the DEM fix; Ter-
raMind reads DEM gaps inside a window as O m (Section 8).
The seasonal context’s contribution on CEMS is not isolated,
because no final model without it was scored there. Per-scene
self-calibration barely helps row 21 (0.418 to 0.420 on the
binned scores) and hurts TerraMind (0.407 to 0.362).

5.4 Copernicus GFM

On the 34 activations GFM covers, its ensemble flood ex-
tent scores 0.321 IoU, and its likelihood 0.517 AP. Every
model we trained on flood labels scores above it: row 21
0.419, the fair TerraMind 0.400 and v1.1’s best 0.407. So
does the physics baseline, at 0.381, which uses no training
labels. Only row 21’s gap was tested. Row 21 is better on
25 of the 34 activations, by +0.098; per cluster the gap is
+0.081 (17 of 26). The blind test’s analysis code, applied
to these seen floods, finds both gaps significant after Holm
(p = 0.0010 and p = 0.0185). This is a descriptive result,
not a test of H6.

Much of GFM’s deficit lies in its fixed decision rule, exclu-
sion mask included, rather than in how its likelihood ranks
pixels. Thresholded at each activation’s best value in hind-
sight, its likelihood reaches 0.427, 0.106 above its binary
product. This oracle also re-admits pixels inside the exclu-
sion mask, where the likelihood is defined but the binary
product maps no flood. On its binned scores, row 21 gains
0.047 from the same oracle (0.420 to 0.467). Two features of
GFM’s design also work against it on this reference, and this
study does not separate them:

* it maps no flood inside its exclusion mask, which includes
dense vegetation and built-up areas;

* it is produced on a 20 m grid.

A sensitivity analysis restricted to GFM’s non-excluded area

was registered for the blind test on 13 November 2026, be-

fore any blind score is revealed; it is descriptive and has not

been run on these seen floods. models may also benefit from



T. Clerici Jurado — Labels, thresholds and the reference itself

Preprint, not peer reviewed

Table 3: Every model on the CEMS 2023-26 benchmark: primary stratum (products drawn on radar), EMSR664 excluded, units with
reference flood, rebuilt tiles. IoU is the macro over units at each model’s own 7%, with a 95 % bootstrap interval over activations. The lower
block restricts every model to the units GFM covers on at least 95 % of their scored pixels. GFM’s binary product has no 7*; its oracle IoU and
AP come from its likelihood. All of this is exploratory: the benchmark was seen during development (reports/v12_cems_rebuilt.md).

Per activation

Per cluster

Model Trained on IoU at 7% [95% CI] Self-cal. Oracle AP IoUatt* AP
All units: 38 activations, 30 clusters

v1.2: fusion + seasonal context (row 21) pool 0.417 [0.365, 0.467]  0.420 0.468 0.598 0.441 0.628
TerraMind-base + LoRA, fair (row 24)  pool 0.405 [0.351, 0.455] 0.362  0.446 0.583 0429  0.612
Fusion, v1.1’s best (row 9) Kuro Siwo 0.407 [0.355, 0.461]  0.407 0.438 0.527 0.431 0.553
SAR U-Net (row 4) Kuro Siwo 0.395[0.339, 0.448]  0.393 0.429 0.525 0414  0.547
Physics baseline (row 2) — 0.373 [0.314, 0.430] — — — 0.405 —
TerraMind-small, corrected SenlFloods11 0.299 [0.250, 0.350]  0.303 0.356 0.428 0.312  0.445
SAR U-Net (row 4) SenlFloods11 0.281 [0.237,0.322] 0.248 0.314 0.317 0.298  0.328
Fusion (row 9) SenlFloods11 0.266 [0.219,0.317] 0.254  0.294 0.284 0.278  0.288
Units GFM covers: 34 activations, 26 clusters

v1.2: fusion + seasonal context (row 21) pool 0.419 [0.363,0.474] 0.415 0.467 0.594 0.442 0.623
TerraMind-base + LoRA, fair (row 24)  pool 0.400 [0.342,0.457] 0.359 0.441 0.573 0.425 0.602
Fusion, v1.1’s best (row 9) Kuro Siwo 0.407 [0.346, 0.464]  0.405 0.437 0.523 0.429  0.545
Physics baseline (row 2) — 0.381 [0.315, 0.443] — — — 0.414 —
Copernicus GFM (ensemble) — 0.321 [0.253, 0.387] — 0.427 0.517 0.361 0.549
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Figure 3: v1.2’s model against (a) the fair TerraMind, (b) v1.1’s best and (c) Copernicus GFM: one point per activation, IoU at each model’s
own threshold (GFM: its binary ensemble product), seeds pooled. Points above the diagonal favour v1.2. Panel (c) is restricted to the
activations GFM covers. The counts and gaps match reports/v12_cems_seen_tests.md. Contains modified Copernicus Emergency

Management Service information (2023-2026).

GEOID-Flood’s CEMS-derived labels, which share the refer-
ence’s mapping conventions; the physics baseline’s lead over
GFM shows that this does not explain the whole gap. Figure 4
shows one flood as the Arena renders it.

5.5 Consecutive Copernicus maps agree at
0.52

Over 79 pairs in 34 activations, consecutive CEMS delin-
eations of the same area, made at most 24 h apart, agree at
0.520 macro IoU, and the median pair at 0.498 (Table 6). All
79 pairs are 624 h apart and none shares a source image.
Pairs drawn on two radar images agree at 0.515. The sen-
sitivity row leaves out EMSR657 AOI 1’s three pairs, whose
later products repeat 43—58 % of their flood from earlier im-
ages, and gives 0.509. Per activation, agreement ranges from
0.141 (EMSR841) to 0.987 (EMSR711).

By the reading fixed in the protocol, agreement near 0.5
places the benchmark near its ceiling: the models’ 0.42 is
close to the level at which the reference agrees with itself,
rather than 0.42 of the way to a perfect map. The ceiling is
not a bound, though: a model’s map, compared under the
same 24 h tolerance, can agree with one product better than
the next product does. Nor is it two analysts mapping one
image. It is the agreement of consecutive products, 6-24 h
apart, so it mixes disagreement with real change in the flood,
whereas the benchmark pairs each product with the Sentinel-
1 pass nearest to it in time. The comparison with the models’
scores 18 therefore indicative, not like for like.

Figure 5 pairs the two per activation, on the 27 activations
in both sets, where the model scores 0.433 and the consec-
utive products agree at 0.536. The model scores below the
reference’s self-agreement in 20 of the 27, and the two are as-
sociated (Spearman p = 0.51, p = 0.007). This analysis was
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(a) Sentinel-1 VV after the event

(b) CEMS delineation (reference)

(c) v1.1’s best: tile IoU 0.761 (d) Copernicus GFM: tile IoU 0.690

Figure 4: One tile of EMSR657 (AOI 1, tile t02_02). The CEMS product was drawn on COSMO-SkyMed at 16:22 UTC on 8 April 2023;
the Sentinel-1 pass was at 15:56 UTC; 24.81 km? of flood is mapped in the scored region. The quicklook shows Sentinel-1 VV from —25
to 0dB. Inside the scored region (yellow outline) the colours are hit, false alarm and miss; outside it the radar is dimmed. The Arena’s
quicklooks were rendered before the freeze, so they show the v1.1 models (seed 42) and GFM, not v1.2’s model; the tile IoU is not the
activation’s macro score. Contains modified Copernicus Sentinel data (2023) and modified Copernicus Emergency Management Service

information (2023), © European Union.

Table 4: Pooled grouped five-fold cross-validation, chip level, one
seed, 81 groups (79 with a defined IoU). “Cross-fitted”: each
group’s threshold fitted on the other groups’ held-out predictions.
“Best”: each group’s best threshold in hindsight. AP is fold-level.
The last row is derived from the unrounded values. Source: repo
rts/v12_pool_cv.md.

ToU at threshold
Model own 7* cross-fitted best AP
Row 21 (seasonal context) 0.394 0.392 0.430 0.651
Row 9 (no context) 0.383 0.382 0.425 0.632
TerraMind-base + LoRA 0.313 0.369 0.406 0.617
Row 21 — TerraMind 0.080 0.023 0.024 0.034

chosen after both had been computed, and it is exploratory.
It is what one would see if floods that analysts cannot delin-
eate consistently are also hard for a model; it is also what
one would see if both depend on a third property, such as the
flood’s size or how fast it changes.

5.6 Adapting to Copernicus’s own labels

Neither rung was adopted (Table 7). R1, row 21’s seed 42
scored fold by fold, gives 0.421; the three seeds pooled give
0.417 (Table 3).

R2: a threshold refitted on other CEMS floods. It gains
+0.002 and is better on 26 of 38 activations, so it fails the
0.005 gain the rule asks for. The fold thresholds range from
0.237 to 0.331, around 7" = 0.25. With seeds 43 and 44,
R2 would gain +0.014 and +0.010 (descriptive; the rule fixed
seed 42). A threshold learned from other CEMS floods may
therefore help a little, but nowhere near the 0.05 that each
activation’s own best threshold leaves (Section 5.3): the best
threshold varies between floods more than between our train-
ing pool and CEMS.

R3: fine-tuning on CEMS labels. It scores 0.380 against
R1’s 0.421: —0.041, better on 15 of 38 activations and on 12
of 30 clusters. It is not adopted, so there is no v1.3 model

Table 5: The blind test’s analysis (floodfusion.blind_analys
is), unchanged, applied to the seen CEMS floods. “B > A”: units
where v1.2 is better. This is descriptive, not the preregistered test
(reports/v12_cems_seen_tests.md).

Test (v1.2 — A) Unit K  Gap B> A AP gap Holm p

. . activ. 38 +0.012 24 +0.015 0.3663

PS: fair TerraMind ) o 30 40,012 19 +0.016 0.3293
activ. 34 +0.098 25 — 0.0010

P6: GFM cluster 26 +0.081 17 — 0.0185
s activ. 38 +0.010 22 — 0.3663
PTVETsbest  jiger 30 40.010 18 — 0.3293
Had these been the blind floods, P5 and P7 would read not supported and

P6 supported.

and HS is not run. Part of the loss is in the ranking itself:
AP falls from 0.606 to 0.573, and the oracle IoU from 0.468
to 0.457. Most of the loss at 7%, though, is calibration: R3
sits 0.077 below its oracle IoU and R1 0.047, and each fold
fits R3’s calibration on its validation groups alone (protocol
v1.3 §3). +0.131 (EMSR841) to —0.336 (EMSR771), with a
median of —0.014 (Figure 6).

¢ Two folds carry the loss. Fold O (nine activations) falls
from 0.367 to 0.270 and fold 1 (seven) from 0.401 to 0.297,
better on 2 and on O of their activations. The other three
folds change by +0.016, —0.011 and +0.004.

¢ Training length does not separate them. Fold 1’s model
scored best on its validation fold after the first epoch,
fold O’s after the 28th; both lost.

¢ Optical products. On the six activations whose products
were drawn on optical images, R3 scores 0.163 and R1
0.158.

The tuning and the five fold models took 9.2 GPU-hours, be-
low the 20-28 estimated, because early stopping ended four
of the five folds well before 30 epochs.
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Table 6: The reference ceiling: IoU between two CEMS delin-
eations of the same area, made at most 24 h apart, seen flood ac-
tivations only; descriptive (reports/reference_ceiling.md).
All 79 pairs are 624 h apart and none shares a source image. Sensi-
tivity: without the pairs whose later product repeats more than 5 %
of its flood.

Pairs Activ. Pairs Macro IoU Median pair
All 34 79 0.520 0.498
Sensitivity 33 76 0.509 0.491
Radar-radar 32 75 0.515 0.502
Radar—optical 2 2 0.380 0.380
Optical—optical 1 1 0.796 0.796
Other 1 1 0.329 0.329
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IoU between two Copernicus EMS maps, < 24 h apart

Figure 5: Per seen activation: v1.2’s model (row 21) at 7* against
CEMS (y), and the IoU between two CEMS delineations of the same
area at most 24 h apart (x), on the 27 activations in both sets. Dashed:
equal agreement. Exploratory: chosen after both were known (pa
per/igarss27/figures/ceiling_scatter.json). Contains
modified Copernicus Emergency Management Service information
(2023-2026).

6 The preregistered blind test

The CEMS 2023-26 benchmark cannot settle v1.2’s ques-
tions. It was v1.1’s test set, it was seen during v1.2’s de-
velopment, and public training sets now cover its activations.
Because it was seen, the protocol, committed on 13 October
2026 before any v1.2 model was trained, makes only the blind
test confirmatory. Before the freeze, a preview (14 October,
after H6 had been registered) scored GFM and the v1.1 mod-
els on that benchmark (reports/v12_cems_preview.md);
v1.2’s final models were scored on it only after the freeze.

6.1 Hypotheses and tests

Each hypothesis compares B, v1.2’s model (row 21), with an

opponent A, on the primary stratum, at two unit definitions:

e H5 (P5): B beats the fair TerraMind, both at each model’s
own threshold and threshold-free.

* H6 (P6): B beats Copernicus GFM, on the units GFM cov-

Table 7: The adaptation ladder on the 38 seen activations, cross-
validated, seed 42 (reports/v13_ladder.md). “Better”: activa-
tions where the rung beats R1. Rule: a gain of at least 0.005 and
better on more than half. Clusters, AP and the oracle IoU are de-
scriptive; R2 changes only the threshold, so its AP and oracle IoU
are R1’s.

Rung IoU Cluster Better AP Oracle Verdict
R1, zero-shot 0.421 0.444 — 0.606 0.468 base
R2, refitted 0.423 0.446 26 =R1 =R1 notadopted
R3, fine-tuned 0.380 0.403 15 0.573 0.457 not adopted
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R1, zero-shot: IoU at 7 * against Copernicus EMS

Figure 6: Per activation, cross-validated: the zero-shot model (R1,
x) against the same model fine-tuned on the other folds’ CEMS la-
bels (R3, y), both at 7*. Dashed: no change. Seed 42 (paper/igar
ss27/figures/ladder_r3. json). Contains modified Coperni-
cus Emergency Management Service information (2023-2026).

ers.

e H7 (P7): B beats v1.1’s best model.

Statistic and test. The statistic is the per-unit gap B — A in
macro IoU at 7%, seeds pooled. Each test is an exact two-sided
sign-flip test, Holm-adjusted across P5-P7 within each unit
definition. The family always has three members: a test with
fewer than eight units enters it with p = 1.

P5 needs more. The same must also hold for AP.
Its two conditions form one intersection—union test, p
max(prou, pap). This closes a loophole of v1.1, where a win
at 7" reversed at the oracle threshold. The condition was writ-
ten on 13 October, before any v1.2 cross-validation run.

Verdicts. A hypothesis is supported if its test is signifi-
cant with a positive gap at both unit definitions, and refuted
if it is significant with a negative gap at both. Below eight
units at either definition it has no verdict; otherwise it is not
supported.

HS, registered later and not run. v1.3’s protocol regis-
tered H8: v1.3’s model beats v1.2’s on the blind floods, with
the same metric, test and units, tested alone at « = 0.05 be-
cause it cannot join the frozen family of three. It was to be
run only if the ladder adopted a rung. It adopted none (Sec-
tion 5.6), so H8 is not run and the blind test keeps P5-P7 as
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Freeze (14 Oct 2026): tag v1.2.0-freeze. 36 files pinned by
SHA-256 (checkpoints, calibrations, 7*), plus the test specification
and the census rule.

¥

Census of codes > EMSR899, in a sweep run by hand (make
vi2-watch). The sweep refuses to run if a pinned checkpoint, a
code path or the census rule differs from the freeze.

v

Settle: 30 days after the event, the last fetched copy of the activa-
tion record is frozen; its SHA-256 enters the ledger.

¥
Eligibility: v1.1’s rule, unchanged. Then prepare the pair and its
DEM, seasonal and GFM layers.

v

Score with the frozen models (three seeds each) and GFM. }

¥
Seal: the scores stay outside the repository; their SHA-256 enters
the committed ledger, where every line carries the SHA-256 of the
line before it. A commitment, not a blind.

v

Stop at 20 activations in 15 clusters, or on 31 Dec 2027. Reveal:
verify every hash and the freeze, then run P5-P7.

Figure 7: The blind test’s pipeline (floodfusion.prospective).
The ledger is append-only and hash-chained: against its committed
history, an edited, removed or reordered line is detectable.

frozen.

6.2 The blind set

The blind set is every Copernicus EMS flood activation with
code EMSR899 or above, put through v1.1’s eligibility rule
unchanged, at most four AOIs per activation. The first acti-
vations in that range date from 20 July 2026. The first three
blind flood activations (events on 21 August, 25 August and
1 October 2026) predate the freeze of 14 October, and the
fourth (19 October) followed it. They are blind in a precise
sense:

¢ no model was trained or tuned on them;

* none was looked at during development;

* every one is scored only after the freeze.

Only metadata was seen. On 13 October the code, date, cate-
gory and name of EMSR899-945 were queried to estimate
accrual, and this is disclosed in the protocol. During this
paper’s fact-check, a reviewing agent also read the cached
activation record of EMSR933: its product list and their sta-
tuses, no map, pass or score. This too is logged in the de-
viations log. The training activations all precede EMSR656
(2023), and TerraMind’s pre-training data date mostly from
2019-2023. GFM itself is not frozen: the test uses whatever
version EODC serves, and records it, and GFM’s ensemble
members change in 2027.

6.3 Freeze, sealing and the ledger

The freeze tag pins the models and their calibrations: 36 files
are listed by SHA-256 in reports/v12_freeze. json. Fig-
ure 7 shows the pipeline. Before any blind flood was scored,
the whole runner was rehearsed on EMSR664, which lies out-
side the blind set: one pair, eight tiles, scored by every frozen
model and GFM, sealed and verified against a scratch ledger
in 15 minutes.

The seal is a commitment, not a blind. The sealed files are
plain JSON on the author’s machine, so the seal makes later
changes detectable but does not hide the scores. Sweeps are
run by hand, and the runner freezes the last record it fetched

Table 8: Smallest true mean IoU gap that the blind test detects at
80 % power at Holm’s smallest level (0.0167), by number of activa-
tions (reports/v12_power.md).

10 15 20 30

0.096 0.072 0.061 0.048
0.089 0.066 0.056 0.044

Per-activation spread (v1.1)

SD 0.077 (P4)
SD 0.071 (P3)

before an activation settles. A sweep should therefore run
shortly before each settle time, or products published late may
be missed.

6.4 Power and stopping

The stopping rule was raised, before any blind flood was
looked at, from 10 activations in 8 clusters to 20 in 15. Ta-
ble 8 gives the reason. Gaps are simulated as i.i.d. normal
with v1.1’s per-activation spread, which omits clustering. At
Holm’s smallest level for three tests (0.05/3), 20 activations
detect a mean gap of 0.061 IoU at 80 % power, and 10 would
detect only 0.096. A verdict needs significance at both unit
definitions, and 15 clusters detect 0.072; P5 also needs AP.
The end date may come before the counts are reached, with
lower power. The gaps seen on CEMS for P5 and P7 (about
0.01) are far below these. Unless new floods behave differ-
ently, P5 and P7 will most likely end not supported. P6’s
seen gap (0.098) lies above it.

6.5 Status

Two sweeps have run, on 14 October and 11 November 2026.

The first took the census to EMSR934. The ledger reads:

* EMSR926 (Latvia and Lithuania) and EMSR927 (Nepal):
not eligible under v1.1’s rule;

¢ EMSR933 (Crete, event on 1 October): one AOI (AOI 4)
scored and sealed. Its product was drawn on optical images,
so it lies outside the primary stratum on which P5-P7 are
tested;

* EMSRO935 (event on 19 October): settling, judged after 18

November.

No activation of the primary stratum has been scored yet.

A lapse. No sweep ran between 14 October and 11 Novem-
ber, and EMSR933 settled on 31 October without one. The
frozen runner never fetches a settled activation’s record again,
so EMSR933 was judged on its record as cached on 14 Oc-
tober: products published later were not seen. The lapse was
logged before the second sweep. The cached record was left
as it was, because deleting it to force a new fetch would have
been a hand intervention in the blind test’s state. From release
v1.3.0, a scheduled job opens a reminder issue on the repos-
itory when the ledger’s newest row is a week old; it reads
the committed ledger and nothing else, so it touches no blind
flood.

The Arena shows only counts and statuses until the stop-
ping rule is met.

7 The frozen model in service

A model frozen for a blind test can still be used. v1.3 pub-
lishes it and runs it on Sentinel-1 passes, under rules that keep
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the blind test intact.

Weights. Row 21’s three frozen seeds are published on
Hugging Face Hub under CC BY 4.0, the licence of their
training labels: byte for byte the checkpoints, run records and
calibrations that the freeze manifest pins, with a SHA256SUMS
file. The downloader fetches them at a pinned revision and
checks every file against the freeze manifest before it is used.
No weights trained on SenlFloods11, which declares no li-
cence, are published.

A map of any place and date. One command (python
-m floodfusion.live map, with a box and a date) finds
the Sentinel-1 pass of that date and builds the benchmark’s
input stack without a label: the same-orbit pre-event pass, the
seasonal reference, the DEM and its derivatives, JRC water,
WorldCover, and Sentinel-2 within +2 days where it is clear.
It runs the frozen model on CPU and writes, per tile, cloud-
optimised GeoTIFF layers, a STAC item and flood polygons,
with the exclusion mask and a low-confidence band.

Does a live map rebuild the benchmark? We replayed
one seen tile (EMSR683 AOI 2, Norway, 10 August 2023).
The live stack’s grid and all 14 of its input bands were iden-
tical to the benchmark’s, pixel for pixel, and its seasonal
reference came from the same five scenes. On the bench-
mark’s stack, a CPU run gives the stored GPU run’s IoU at 7*
(0.4141). On the live stack, the same pixels score 0.4210. The
live stack has no area of interest, so the model also reads the
ground around it, and its receptive field carries that context in-
side. A live map is therefore not the benchmark’s prediction
of the same pixels, and the service never reports a score.

The watcher. A scheduled job (GitHub Actions, every
six hours) chooses the next maps and publishes their poly-
gons, STAC items and an index on a data branch, which the
project’s live page reads. It makes at most two maps per run,
because a tile takes about a minute on four CPU threads. It
maps a showcase of seen activations, each AOI on every pass
from the event date to three days after, and manual requests.
It also watches every new flood activation for 30 days after its
event and maps each new pass over at most four of its AOIs.

What it may read and show. The service reads only an ac-
tivation’s code, name, category, event date and AOI extents,
never a CEMS product, and the live page shows no Coperni-
cus outline and no score for any flood. Blind floods were held
back by a rule logged before the service ran. While a com-
mitted switch was off, the service refused every code from
EMSR899 on before it requested the record, and any date
whose optical window reaches 20 July 2026, the first event
date of the blind set, so that a map of an arbitrary box could
not show a blind flood either; tests enforce both. By v1.3’s
protocol the switch could be turned on only after the v1.3
freeze, or after the ladder had decided that there is no v1.3
model, and only on the author’s go. The ladder decided on
11 November 2026, and the author switched blind floods on
on 13 November, logged before the first map of one existed.
Showing a blind flood’s map cannot change its score: the
models are frozen, and every blind score is computed only by
the blind test’s runner and committed to its ledger. The rule
protected the development of a later model, which must not
see blind outputs before it is frozen; with no v1.3 model, none
is in development. Once shown, though, the blind floods can
no longer serve as unseen test data for a model developed af-
ter the switch. The service is a research demonstration, not

an operational or official Copernicus product.

8 Discussion

What moved the scores.

¢ The training data, labels included: 0.141 IoU on CEMS
between the same fusion model trained on Senl1Floods11
and on Kuro Siwo;

e the threshold: most of a 0.080 gap in cross-validation;
on CEMS the two v1.2 models lose 0.039 and 0.050 IoU
against their oracle thresholds;

¢ the system: 0.012 on CEMS between our model and the
fair TerraMind, with encoder, inputs and context together;

* the optical input: about zero;

 adapting to the reference: +0.002 from a threshold refit-
ted on other CEMS floods, and —0.041 from fine-tuning on
their labels.

As in GEOID-Flood [6] and PANGAEA [11], the choice of

encoder moved scores little; unlike GEOID-Flood, we see no

foundation-model advantage. For operational use, labels with
flood semantics and an explicit decision rule mattered more
here than the network.

Reading a score against its reference. A score of 0.42
IoU against CEMS reads differently beside the reference’s
own agreement: two consecutive CEMS maps of one area,
hours apart, agree at 0.52. On the 27 activations in both
sets, the model scores 0.433 and the consecutive products
agree at 0.536, a gap of about 0.1 IoU. Part of the model’s
shortfall is the threshold: over the 38 activations, each activa-
tion’s best threshold in hindsight lifts it from 0.417 to 0.468,
which neither our calibration nor a threshold refitted on other
floods recovers. Benchmarks that score models against ana-
lyst maps could report the reference’s self-agreement beside
every score, as other fields report agreement between annota-
tors. Without it, a reader cannot tell how much of a score’s
distance from 1 is the model’s.

Why adapting to the reference did not help. We did not

test an explanation, but three observations bound one.

e The labels already carried CEMS’s conventions.
GEOID-Flood’s labels, 102 of the pool’s 138 floods, are
derived from CEMS delineations [6], so fine-tuning added
few new conventions.

* The reference is inconsistent. If two maps of one flood
agree at 0.52, a model fitted to a few dozen activations’
maps can learn their particular conventions rather than
flood. The change varied between floods, from +0.13 to
—-0.34.

* There were few floods. Each fold model trains on three of
five folds of 43 activations, against the pool’s 138 floods,
and one seed decides each rung.

A model trained on CEMS labels from the start, on more acti-

vations, might behave differently; the ladder tested adaptation

of a model that was already good on this reference, under a

rule that asked for a clear gain.

What a fair comparison needs.
five things:
¢ the same labels and data;

A fair comparison needs
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* the same training recipe;

* the same tuning budget;

 each model’s native inputs;

* rules fixed before results.

It also needs a threshold-free metric beside the thresholded
one, because thresholds transfer differently from one model
to another. Our TerraMind opponent (row 24) met the first,
second and fifth. Its tuning budget covered only the learn-
ing rate, and its inputs were not fully native (Limitations), so
“fair” in its name states the intent of the design, not a guaran-
tee. Our v1.1 comparison failed the recipe condition through
a bug (erratum 1). It was caught while preparing a fair oppo-
nent for v1.2.

Reading the GFM comparison. GFM is built for auto-
mated global operation, with conservative exclusions and one
decision rule for every scene. Its likelihood ranks pixels rea-
sonably (AP 0.517). A threshold chosen for each activation
in hindsight would lift it to 0.427, but no such threshold is
available in operation. A per-scene recalibration of our own
models did not help in cross-validation either (—0.042 for row
21). Adapting a decision rule to each scene is not free.

Limitations.
* Reference maps are products, not ground truth. CEMS
delineations are generalised analyst maps, drawn on com-
mercial images (34 of the 75 primary pairs on VHR2-class
images, 41 on coarser HR+-class images) taken up to 24 h
from the Sentinel-1 pass. Low IoU partly measures the dif-
ference between two products.
Consecutive-product agreement. Its 0.520 includes real
change in the flood within 24 h, which lowers it, while an
analyst who starts a product from the previous one raises it;
the carry-over probe found that only in EMSR657 AOI 1. It
is not the agreement of two analysts on one image. It covers
the 34 activations mapped twice within a day, which may
differ from those mapped once, and only 27 of them are
among the 38 the models are scored on.

¢ The ladder. One seed decides each rung, on 38 seen acti-
vations. R2’s verdict depends on the seed: with seeds 43
and 44 it would gain more than 0.005. Fine-tuning used one
recipe, row 21’s, and one of three learning rates; it does not
show that no adaptation could help.

* The benchmark is seen and small. The CEMS 2023-26
benchmark informed development, and 38 activations re-
solve gaps of about 0.01 poorly. GEOID-Flood’s labels are
themselves derived from CEMS delineations. The cross-
validation is single-seed.

e The opponent’s configuration. The size rule, fixed for

the 8 GB GPU, stopped at TerraMind-base; TerraMind-

large was not tried. LoRA adapts only the attention pro-
jections. TerraMind’s SAR input is our z-scored backscat-
ter, adapted by four affine parameters rather than its pre-
training normalisation. The band subset and necks fol-
low IBM’s SenlFloods11 recipe, and the schedule is row

9’s. The equal tuning budget covers only the learning rate,

whereas row 9’s design went through two earlier releases.

Missing DEM pixels inside an available window read as

0m (disclosed before the freeze).

Pre-training exposure. TerraMind’s pre-training data

date mostly from 2019-2023, so its encoder may have seen

unlabelled imagery of the benchmark’s 2023 events; “never
saw the event” holds for its decoder.

* The selection. The inner validation groups used for tuning
serve as test groups in other folds. This applies to both
families equally, by design.

¢ GFM. The effects of GFM’s exclusion mask and its 20 m
grid are not separated. GFM versions are mixed on the
benchmark, and GFM is not frozen for the blind test.

e Overlap. Place overlap between the v1.2 pool and the
benchmark was not re-measured. v1.1 found five pairs over-
lapping Kuro Siwo training areas, and dropping them left
H1’s verdict unchanged.

¢ Training data defects. The v1.1 models were trained on
data that carried erratum 2 and were not retrained.

e Timestamps. Commit dates are set by the author’s ma-
chine. GitHub first received the protocol and the freeze
tag on 15 October 2026, before any blind flood was scored.
Software Heritage archived the repository, the protocol, the
freeze tag and the ledger included, on 13 November 2026
(swh:1:snp:084fedaB8e19a3768ad891541e25a8e6d
74£8421f). That is after the first blind AOI was scored, on
11 November, so the archive fixes the freeze’s content from
then on, not its date. Zenodo archived release v1.3.0 the
same day (doi:10.5281/zenodo.24194785).

9 Al-assisted engineering and repro-
ducibility

Provenance and the author’srole. The author, Teo Clerici
Jurado, wrote the original v1.0 project specification and de-
fined the project’s core research objectives: to test findings
made on SenlFloodsl1 against real Copernicus EMS acti-
vations, to audit whether the comparison with a foundation
model, TerraMind, is fair, and to decide the main compar-
ison by a preregistered blind test. The specification fixed
v1.0’s architecture, its ablation grid, the training recipe and
the decision rule. The repository’s first commit (212e0e6, 9
October 2026) imported it unchanged (the meaning of “as re-
ceived” in its message) with a skeleton package, the ablation
configurations and a test specification of 281 test functions.
The specification documents were removed from the history
before publication and are not public; the commit holds the
package, the configurations and the tests. The author directed
the agent workflow described below: they set each release’s
goals, reviewed and approved each release’s plan, and made
the decisions on data licensing, compute scheduling and pub-
lication. The v1.2 protocol, preregistration design included,
was drafted with Claude Code and reviewed and approved by
the author; the audits were run by Al subagents. For v1.3
the author chose its aims (a live service, a model adapted to
Copernicus’s labels, and a paper), chose to train the ladder on
every stratum, and decided which weights to publish and un-
der which licence; the v1.3 protocol was drafted with Claude
Code and approved by the author before any of its results ex-
isted. The author takes full scientific responsibility for the
work, its errata and corrections, and this paper.

Use of an AI coding agent. The project was built with
Claude Code (Anthropic), an Al coding agent that the author
operated throughout. In line with the generative-Al policies
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of IEEE and AGU, and of venues such as NeurIPS, the agent
is not an author, its use is described here, and the human au-
thor is accountable for the results. Under the author’s direc-
tion, the agent:

(i) searched and summarised the literature, and drafted the
v1.2 study design, the protocol text and the analysis
rules, which the author approved;

(i) implemented the specification and the later releases:
the data pipeline, the models, the scorers, the blind-test
runner, the Arena page and the live service;

(iii) extended the test suite from the 281 specified test func-
tions to 976, which parametrisation expands to 1,240
test cases;
ran structured review passes with separate agent in-
stances: code, Python, machine-learning engineering
and security. Their findings were fixed or, where a fix
would have changed models already cross-validated,
disclosed; findings that touched a rule were logged be-
fore the result they could affect. The review of the
blind-test design checked for train—test leakage and
found none. These reviewers are instances of the same
Al system that wrote the code, so they are not indepen-
dent of it;

(v) traced and measured both errata;

(vi) fact-checked the documentation, and this manuscript,
against the generated reports;

(vii) drafted this manuscript.

The deviations logs record each rule before the result it could
affect, and disclose the exceptions: for example, v1.1’s first
amendment was written after the Stage A diagnostics of the
v1.0 models.

(iv)

Reproducibility.

* Runs and reports. Every training run records its code
commit, whether the tree was clean, and hashes of its con-
figuration, manifest and splits. The table builders refuse
runs made from different code, mixed data sets or mixed
test sets.

¢ Environment and tests. The environment is locked with
uv. Continuous integration runs the linter and the offline
test suite on Python 3.11 and 3.12. At this release, 1,238
offline tests pass and 2 are skipped, with 82.7 % combined
statement and branch coverage of the package; tests that
need live services are excluded by default.

¢ The blind test. Its models, calibrations, thresholds and
specification are pinned by SHA-256 at the freeze tag, and
the published weights are checked against the same mani-
fest.

¢ Compute. Every experiment ran on one laptop GPU
(NVIDIA RTX 4060 Laptop, 8 GB), one job at a time;
v1.3’s ladder took 9.2 GPU-hours. The live service runs
on CPU.

10 Conclusion

On the seen CEMS benchmark (exploratory), the training

data and the decision rule mattered more than the network:

* a task-specific seasonal-context model and a LoRA-
adapted TerraMind-base are not distinguishable over 38 ac-
tivations;

* both score above GFM’s binary product on the floods it
covers (0.419 and 0.400 against 0.321; only the first gap
was tested);

* from cross-validation on a benchmark whose labels share
the model’s inputs to independent maps, a model’s score
fell by up to 0.34 IoU, a drop that mixes optimistic cross-
validation with a change of label (water against flood);

« the reference agrees with itself at 0.520, so scores near 0.42
should be read against that level, not against 1;

* neither a threshold refitted on other CEMS floods nor fine-
tuning on their labels closed the gap, under a rule fixed in
advance.

The decisive comparison is the blind test. Frozen models,

hash-committed scores and a fixed stopping rule will decide

H5-H7 on floods that none of the models had seen. Mean-

while the frozen model is public, and its service maps floods

from Sentinel-1 in the open.

Data and code availability

The code (MIT licence), the protocols, the deviations logs
and every report are at https://github.com/teo-clerk
/floodfusion. The release is tag v1.3.0, archived on Zen-
odo (https://doi.org/10.5281/zenodo.24194785)
and Software Heritage, and the blind test’s models are frozen
attag vl.2.0-freeze. The frozen weights of v1.2’s model
(row 21, three seeds) are at https://huggingface.co/t
eo-clerk/floodfusion under CC BY 4.0, at revision
faed3bb78668c£25052211a7e834£34652a4cdf6. The
interactive Arena (https://teo-clerk.github.io/f
loodfusion/arena.html) shows every model on the
same floods, and the live page (https://teo-clerk.git
hub.io/floodfusion/live.html) the service’s maps.
Every input comes from public sources and needs no cre-
dentials: Microsoft Planetary Computer, the CEMS rapid-
mapping API, EODC’s GFM catalogue, the Kuro Siwo an-
notations and GEOID-Flood. SenlFloodsl1 declares no li-
cence, so its data, chips and the weights trained on it are not re-
distributed. Kuro Siwo (CC BY) and GEOID-Flood (CC BY
4.0) are re-downloaded by the user rather than redistributed.
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