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Abstract. Storm surge is the deadliest component of coastal flooding, yet access to local surge forecasts
remains uneven. Here we present a model, trained on 760 tide gauges, that forecasts surge at gauges and
regions it was never trained on from about nine days of local water level and open weather data. It beats
persistence at 81 of 84 test gauges (pooled skill +37%, storm windows +32 to +40%) and in four regions
withheld from training (+8 to +30%). The gains persist under real weather forecasts (+30% over two
years). Transfer depends on the diversity of the training gauges; skill grows with their number. Given the
same local observation it beats the global hydrodynamic reanalysis at an eight-hour lead and matches it in
storms; its 99th-percentile envelope covers under half the largest peaks. Gauges on coast types the network
represents poorly would add more skill than gauges where it is dense.

Storm surge is the deadliest component of coastal
flooding: it accounts for roughly half of tropical-cyclone
fatalities in the United States!, and without further
adaptation 0.2 to 4.6% of the world’s population is pro-
jected to be flooded annually by 2100, with expected
annual losses of up to 9.3% of global GDP? and up
to US$14.2 trillion in exposed assets®. However, fore-
cast quality is unevenly distributed, with a third of the
world’s population, mostly in least developed countries
and small island states, not covered by any early warn-
ing system®. Climate change is projected to lead to
higher sea levels while socioeconomic changes, some of
which may be influenced by climate change, are likely
to increase the number of coastal populations exposed

s to storm surge extreme events, which is one component

of a likely shift in distribution of storm surge and com-
pound event risk 355,

While early warning systems (EWS) for storm surge
exist, these are primarily functional in countries with
dedicated national-level sustained funding”® or where
there is a longstanding, structured agreement with a
regional entity or other country providing funding for
production, implementation, monitoring and evalua-
tion19. However, in each context, the recent shifts in
government, priorities and geopolitical agreements have
led to an urgency to review current governance struc-
tures for storm surge forecasting, and explore new ap-
proaches 11713,

Further, with the UN Secretary-General’s flagship
programme Early Warnings for All, there is growing
interest in implementing warning systems for all haz-
ards for the countries', and districts of countries'®,

that are traditionally underserved in that regard 618,

Numerical surge models (ADCIRC, GTSM ') pro-
vide the operational backbone where they exist. Their
coverage, latency, and computational cost leave most
of the world’s coastline without skilful local surge guid-
ance. Machine learning has addressed parts of this chal-
lenge: models trained separately at each gauge (station-
specific models) match physics-based models at that
gauge 292! station-specific statistical models cover the

&

&

~

a

global gauge network at daily-maximum resolution??,

and 2024 to 2026 produced a wave of attempts to
generalize beyond the training gauges?3 26, alongside
regional emulators conditioned on station attributes,
limited-area surge models, and post-processors of sim-
ulation output?729.

Each attempt stops short of the deployment ques-
tion.  Station-specific models, including the global
daily-maximum reconstructions of Tadesse et al.?2, can-
not predict at sites without local training data®’. A
pooled model trained on more than a thousand gauges
between 45°S and 45°N reconstructs historical surge
at unmonitored sites®’; it is a reanalysis-driven hind-

s cast, validated by random station folds, with no fore-

cast lead time and no test on a withheld coastline. Re-
gional transfer stays within one coastline: 31 Florida
gauges*; 14 US Atlantic targets2®, where reported skill
depends on model selection using target-station obser-
vations, which no ungauged coast can execute. Most
global machine-learning surge models are trained on
synthetic simulation output and evaluated on random
storm splits2%, are trained on a surge reanalysis and
scored in basins that hold few training storms®!, or re-
quire registered simulation products as dense inputs??.
No published work trains on tide-gauge observations
at global scale and then tests the model on entire re-
gions withheld from training; none reports how skill
scales with the size and composition of the gauge net-
work; and, apart from ensembles calibrated and scored
at their own training gauges?°32, none produces cali-
brated probabilistic forecasts at coasts the model was
not trained on, even though what a warning service
needs during a storm is the probability that the water
level will exceed a threshold®3. Transfer, the ability of
a model trained at some gauges to forecast at others, is
the standard test for prediction at ungauged sites in hy-
drology 343® and the route proposed for flood prediction
at data-limited coasts36. This leads to two testable hy-
potheses: that a model trained on the global gauge net-
work transfers to coasts outside it, and that the transfer
depends on the diversity of the training gauges.



Here we test these hypotheses with a global dataset
of 1,054 quality-screened tide gauges with open reanal-

s ysis forcing (Fig. la) and one recurrent neural net-

90

100

105

110

120

130

work (Fig. 1b), trained once and then evaluated only
at gauges and whole regions that contributed no train-
ing data. We evaluate the model under reanalysis forc-
ing and under real weather forecasts, measure what a
local water-level feed adds, compare it with a global
hydrodynamic model given the same local information,
and report where its probabilistic envelope fails. The
dataset recipe, splits, protocol, and models are released.

Results

- Transfer to unseen gauges on every con-

tinent

On the pre-registered marine test set (84 open-coast
gauges on every inhabited continent) the delivered
neural network (hereafter the model), trained on 760
gauges under the clean protocol (Methods), forecasts
zero-shot, with no training data from any test gauge,
and beats persistence at 81 of 84 gauges: pooled skill
+37% (region-block bootstrap interval +33 to +41%),
8-h skill +30% (+26 to +34%), NNSE at 8 h 0.782
(Table 1, Fig. 2; metric definitions in Supplementary
Table 1). Skill is positive at every lead from 1 to 48
h (+11% at 1 h, rising to about +40% at 48 h), and
skill inside storm windows is higher still at every storm
severity level, from the 90th to the 99.9th percentile of
surge (Fig. 2b). Every continent is positive, including
the two with the fewest training gauges (Africa +31%,
South America +37%). The three gauges where the
model does not beat persistence are Dakar (Senegal),
Veracruz (Mexico), and Varennes (Canada), the last on

s the St Lawrence River upstream of Quebec City (Sup-

plementary Fig. 1a). Skill during extreme conditions
is higher than skill over all hours. Restricted to hours
when observed surge exceeds a gauge’s 99th to 99.9th
percentile (high-water hours), skill is +45 to +48%;
within storm windows, pooled over all storm windows,
it is +32 to +40% at 4 to 12 h lead and about +47% at
48 h; and at the hour of each storm’s peak the forecast
reaches on average 59% of the observed peak height,
against 24% for persistence (peak capture, Methods).

»s The six largest test-gauge storms, forecast zero-shot,

are shown in Extended Data Fig. 1, their storm con-
text in Extended Data Fig. 2, and twelve unselected
forecast windows in Supplementary Fig. 2. The q99 en-
velope’s hourly coverage is 0.98 to 0.99 at every lead,
yet it lies above the true peak in only 41% of p99.9 win-
dows (interval 31 to 51%): its mean height at the peak
hour is 0.91 to 0.99 of the mean peak height, a ratio
that averages over under- and over-prediction. All pri-
mary numbers are computed on the 71% of evaluation

s windows that are 256 consecutive hours (Methods); on
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Table 1: Deployment evaluation: zero-shot skill on the
84 pre-registered marine test gauges (760-gauge train-
ing set, validation-fold checkpoint selection, continuous
evaluation windows). Skills against persistence; wins
= gauges beating persistence on pooled RMSE; block-
bootstrap intervals for the pooled rows are given in
Methods. Rows group gauges geographically: Africa
includes the Canary Islands and Madeira; North Amer-
ica includes Mexico and the US Virgin Islands; South
America includes the Falkland Islands and the Antarc-
tic Peninsula station; Pacific islands are the seven island
gauges of the tropical Pacific outside Australia.

Region n pooled @8h NNSEQ8h wins
Asia 18 +39% +30% 0.790 18/18
Europe 18 +40% +29% 0.803 18/18
N. America 15 +37% +29% 0.776 13/15
Oceania 10 +35% +26% 0.855 10/10
S. America 8 +37% +37% 0.725 8/8
Africa 8 +31% +35% 0.762 7/8
Pacific islands 7 +23% +32% 0.697 7/7
All 84 +37% +30% 0.782 81/84

all windows pooled skill is +39%, 8-h skill +31%, and
82 of 84 gauges are positive; every headline number is
reported on both sets in Methods.

Perfect-prognosis forcing, in which a reanalysis
stands in for the forecast atmosphere”, measures what
a forecast system inherits from a perfect atmosphere, so
we also drove the delivered model with real forecasts:
GEFSv12 reforecast control-member forcing at every
00 UTC cycle of 2012 and 2017, at every test gauge with
a continuous record (79 gauges, 35,228 forecast win-
dows, 283 of them containing a p99.9 storm), against
the same model with reanalysis forcing and against per-
sistence on identical windows (Extended Data Table 1,
Extended Data Fig. 3; Methods). With real forcing the
model keeps four fifths of its skill: pooled skill +30%
against +37% with reanalysis forcing, 8-h skill +24%
against +28%, 48-h skill +33% against +41%, and it
beats persistence at 72 of 79 gauges (reanalysis forc-
ing 74 of 79); the median per-gauge cost of real forcing

55 is 5% of RMSE, and the two years agree to within a

point. Inside storm windows RMSE rises from 13.4 to
15.4 cm against 24.7 cm for persistence, and peak cap-
ture and envelope coverage are unchanged within sam-
pling (Extended Data Table 1). For the nine largest
test-gauge storm cases with complete coverage (eight
storms, Xaver at two gauges), issued 27 to 45 h before
the peak, the loss of skill from using real forecasts is
larger: storm-window RMSE grows from 37.1 to 49.3
cm, point peak capture falls from 0.47 to 0.36, and 8 of
9 cases still beat persistence (Supplementary Table 2).
Real forecast forcing costs least on everyday accuracy
and most on the magnitude of the largest peaks at more
than a day of lead.
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Figure 1: Study design. (a) Global split after QC screening, deduplication, seismic masking, and 0.5° exclusion
buffers: training (blue, 760), validation (green, 40), and the primary marine test set (red, 84, every inhabited
continent). The 16 non-marine pre-registered test gauges are excluded from the primary set (Methods). (b) The
delivered model: a sequence-to-sequence recurrent network whose decoder consumes each hour’s future forcing,
with static coastal attributes at every step and a zero-initialized residual head anchored at persistence emitting
point, q90, and q99 trajectories. (c) Example output at a test gauge the model was not trained on, during a
typhoon (clean-protocol rotation model): peak timing is captured, and the q90 to q99 envelope carries most of the

peak height that the point forecast under-predicts.

Transfer to whole regions never used in
training

To test whether the model can forecast an entire re-
gion that contributed no training data, we trained four
further models, each with one region removed from
the training set (Japan and the Pacific, Europe, North
America, Oceania), and evaluated each on the region it
had never seen, the approach used to test hydrological
models on ungauged basins®*. Every withheld region
beats persistence on pooled and 8-h skill (Fig. 3; Ex-
tended Data Table 2); the only negative value is the

low end of Oceania’s storm-window range. The union

gives 633 zero-shot gauge evaluations: pooled +11%,
8-h +11%, with 477 of 633 gauges beating persistence
(region-block bootstrap intervals for each rotation in
Methods). Japan (+30% pooled, storm per-lead +27
to +47%) and North America (+10%, +17 to +20%)
transfer strongly on storms; Europe (+11% pooled) has
the lowest storm-window skill of the large regions (+8
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to +13%), and the ordering matches how well each re-
gion’s surge regime, the characteristic response of its
coast type to weather, is represented elsewhere in the
training set: tropical-cyclone surge occurs on three con-
tinents, but the North Sea’s wind-driven surge over a
wide shallow shelf has no counterpart outside Europe.

We tested this explanation directly by changing the
training set while keeping the European test gauges
fixed. Holding the European test set fixed (231 gauges)
and training two Europe-free training sets under the
same protocol, a 299-gauge training set reaches pooled
skill of zero (—0.4%), storm per-lead skill +5 to +8%,
and high-water-hour skill +8% (p99); the 593-gauge
training set, still with zero European data, reaches
+11% pooled (lower error at 186 of 231 gauges; 8-
h RMSE difference —0.5 to —0.2 cm), +8 to +13%
in storms, and +21% at high water, with peak cap-
ture rising from 0.29 to 0.38. Regime transfer can be
bought with additional non-local data. This experi-
ment changes the number and the diversity of training
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zero-shot deployment: 84 pre-registered marine gauges, 81/84 beat persistence (grey: 760 training gauges)
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Figure 2: Deployment skill (continuous evaluation windows; Methods). (a) The 84 pre-registered marine test gauges
coloured by pooled RMSE skill against persistence (delivered 760-gauge model; positive is better than persistence);
grey points are the training network. 81 of 84 gauges are positive, on every inhabited continent. (b) Skill against
persistence at every lead from 1 to 48 h, for the full distribution and for storm windows at four severities (p90 to
p99.9). Storm-window curves are averages over gauges; the storm skills quoted in the text pool all storm windows

across gauges.

gauges at once; the next one changes only the diversity,
at a fixed number of gauges.

The Oceania experiment shows why checkpoint selec-
tion must never look at the test region. Under check-
point selection on the withheld region’s own skill, Ocea-
nia scored +17% pooled (all windows); under the final
protocol it scores +8% (median of three runs; +11% on
all windows), and the gap sits in one basin type: the
enclosed lagoons of Port Phillip Bay and the Gippsland
Lakes are negative in all three clean runs yet positive
under test-side selection, which had picked the one of
four candidate checkpoints that fit this thinly repre-
sented coast type (Extended Data Fig. 4). Water levels
inside narrow-mouthed lagoons respond to wind over
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the lagoon itself and to the state of the inlet3®, which
a model driven by the weather at a single point cannot
see; this limit appears in every run and belongs to the
setting, not to a particular model.

Skill scales with gauge count and regime
diversity

Seven training-set sizes drawn from the same clean pool
(64 to 760 gauges, country-stratified, composition held
proportional, identical recipe) were evaluated on the
fixed 84-gauge test set (Fig. 4; Extended Data Table 3).
Point and extreme-event skill rise across the full range:
pooled skill gains about 5 points and 8-h skill about 4
per doubling of the training set (log-linear fit), and skill
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zero-shot pooled skill under a model trained without any data from that region (Oceania: median of three runs).
Negative counts per rotation are given in the panel titles; the Oceania panel marks the enclosed-lagoon cluster of

Extended Data Fig. 4.

was still rising at the largest training-set sizes, though
by the smallest amounts (1 point pooled and 0.6 at 8
h from 640 to 760 gauges). Extreme-event skill scales
fastest (high-water p99.9 skill +26 to +45%) and cal-
ibration improves alongside (Extended Data Table 3).
Every cross-size gap in pooled skill exceeds the 0.8-point
difference between two same-pipeline runs at 512 gauges
(the 640-to-760 step by a small margin), and the same
step at 8 h does not (Methods). Every training-set size
trains for 12 epochs, so optimizer steps grow about 12-
fold from 64 to 760 gauges; retraining the 64- and 256-
gauge training sets for the 760-gauge step budget moves
them by at most two points (Methods), so twelve times
the updates buy at most two points while doubling the
gauges buys about five.
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Two experiments separate the number of training
gauges from their diversity: the European experiment
above, and a comparison at a fixed number of gauges in
which only the countries they come from differ, evalu-
ated on the same 84 test gauges with the same protocol.
Two hundred and ninety-eight gauges country-stratified
across 49 countries reach +29% pooled and +24% at 8
h, between the neighbouring 256- and 384-gauge sizes
(+28 and +31%); the 298 gauges of the United States
and Japan alone reach +7% pooled and —2% at 8 h (the
diverse training set has the lower 8-h error at 67 of 84
gauges; difference —2.9 to —0.6 cm). The two-country
model keeps its skill where its regimes have analogues
(Japan +30% at 8 h, the United States and Canada
+20%) and turns negative where they do not (Europe
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—14%, Australia —70%). The extra storm skill at Eu-
ropean gauges came from the 324 training gauges added
outside Europe, mostly in North America, Japan, and
Australia, among them the wide shallow shelves of the
North American Atlantic and Gulf coasts. A training

set of the same size drawn from two countries does not °

supply it (Europe —14% at 8 h): what transfers is cov-
erage of a coast type, which more gauges of the same
type cannot replace.

The value of local information

The delivered model reads 208 h of the target gauge’s
own water level and anchors its forecast on the last
observation. Retraining the same architecture with
the water-level input and the anchor removed yields
a gauge-free variant that does not consume real-time
water level; its outputs are expressed in units of the
gauge’s typical surge size, the standard deviation of its
surge record (os, the surge scale), and every gauge-
specific input can be replaced by an openly available
global product. On the same 84 gauges, the ladder

s from no local information to a live gauge is measured

in Table 2a. With every descriptor from open products
(tidal range and form factor from the EOT20 global
tide model3?, the surge scale predicted from reanalysis-
forcing covariates), the variant reaches NNSE at 8 h of
0.593 (67 of 84 gauges above climatology) with envelope
coverage near nominal and no quantile crossing. Local
harmonic tidal constants add 0.005, the measured local
surge scale 0.020, and the real-time water level 0.164 (to
0.782). Event-conditioned skill survives the removal of
all local information: inside p99.9 storm windows the
all-open configuration captures 0.50 of true peak height
with its point forecast (flagship 0.59, persistence 0.24),
and its q99 envelope at the true peak hour averages 0.99
of peak height, because storm peaks are largely forcing-
driven and the response scale is predictable from open
covariates. An inference-time ablation of the gauge-
fed flagship (zeroing its water-level input) reaches only
0.522: gauge-free skill must be trained in. The closest
published result for coasts without gauges, NNSE 0.556

s from a simulation-based method that uses ERAS5 fields,

hydrodynamic model output, and neighbouring gauges
as inputs?3, is of the same order as our all-open vari-
ant, which uses strictly less information at inference;
the two studies use different test sets, so the compari-
son is indirect (see Methods).

The comparison supports the importance of a sus-
tained local water-level observation: the real-time feed
is the largest single term in the ladder, local calibration
constants add little on top, and the physics adds to the
observation inside storms (next section).
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Comparison with a global hydrodynamic
model given the same local observation

A coastal service without a local surge model faces a
practical question: what does one tide gauge plus an
open-data model add, relative to the global physics
product it may or may not be able to access? We
ran the head-to-head against the ERA5-forced GTSM
v3 surge reanalysis'?, the only registered product used
in this study, with the local information on both sides
matched (Table 2b; Fig. 5; Methods): nearest output
point, the reanalysis high-passed with the same 30-day
filter as the target (Methods), identical 48-h windows
over 2010-2018 at 80 gauges, and two tiers of local
information. The two systems differ in meteorologi-
cal input (ERA5 fields over the whole ocean against
the reanalysis-forcing series at the gauge), so the head-
to-head compares two complete forecasting systems at
equal local observation (Methods). Without any local
observation (tier A), no difference is detectable between

s the gauge-free model and the reanalysis on the full dis-

tribution (38 of 80 gauges; block-bootstrap 95% inter-
val of the 8-h RMSE difference —0.5 to +1.9 cm; NNSE
0.60 against 0.62), and the reanalysis is 26% better in-
side storm windows (8.8 against 11.8 cm at 8 h; the
intervals at 8 and 48 h exclude zero). With the obser-
vation at issue time on both sides (tier B; the reanalysis
corrected by its mean error over the preceding 25 h, the
standard operational adjustment), the neural network
has the lower full-distribution error at 8 h (66 of 80
gauges; difference —2.1 to —0.2 cm; NNSE 0.80 against
0.67) and no detectable difference at 48 h (—1.2 to +0.8
cm). Inside storm windows the differences are not sta-
tistically distinguishable from zero: at 8 h (7.9 against
7.7 ¢cm) or at 48 h (11.2 against 9.6 cm, interval —0.9 to
+5.6 cm), nor in peak capture (0.62 against 0.66, —0.09
to +0.01); the physics model has the better mean value
in each case, but the intervals include zero, so the data
cannot tell the two systems apart there; they do not
show that the two are equal. All intervals come from
resampling regions (Methods).

The map locates the physics advantage (Fig. 5). Out-
side the Baltic and North Sea the forecast wins bulk ac-
curacy at 65 of 71 gauges; inside it the reanalysis wins 8
of 9 (with 22 to 46% lower error) and every peak at the
five gauges with enough storm windows, because Baltic
surge is a basin-filling response to wind over the whole
sea whose information sits in the spatial field the hy-
drodynamic model consumes and single-point forcing
cannot see. Persistence alone beats the uncorrected,
mean-aligned reanalysis at 63 of 80 gauges at 8 h, and
the corrected reanalysis adds nothing to the observation
on the bulk at that lead (40 of 80; NNSE 0.67 for both)
while adding much inside storms (7.7 against 12.4 cm).
The observation carries short-lead bulk skill; without
an observation the physics has the lower storm-window
error; with the observation on both sides the neural
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Figure 4: Data scaling for zero-shot storm surge forecasting on the fixed 84-gauge marine test set: seven training-set
sizes (64 to 760 gauges, identical recipe; the largest is the delivered model). (a) Pooled skill against persistence, (b)
skill at 8 h, (c) high-water p99.9 skill, (d) peak capture. Point and extreme-event skill rise across the tested range,
with the smallest gains between the largest sizes; conditional tail coverage and envelope quality scale in parallel
with small wobbles at the largest sizes of the size seen in the replicate run (Extended Data Table 3).

Table 2: What local information adds. (a) The local-information ladder: zero-shot NNSE at 8 h on the 84
marine test gauges as local information is added to the gauge-free configuration. (b) Head-to-head against the
hydrodynamic baseline at equal local information: the ERA5-forced GTSM surge reanalysis (nearest output point,
median 1.5 km; high-passed with the same 30-day filter as the target) on identical 48-h continuous windows over
the 2010-2018 overlap (80 gauges; storm columns over the 61 gauges with at least five p99.9 windows). Tier A gives
neither side a local observation; tier B gives both the observation at issue time (the reanalysis through a 25-h mean-
error bias correction, the forecast through its persistence anchor). The two systems read different meteorological
inputs (ERAS5 fields for the reanalysis, the reanalysis-forcing series at the gauge for the neural network; Methods).
RMSE in cm; wins = gauges at which the neural network has the lower 8-h RMSE; bold = the block-bootstrap
interval of the paired difference within the tier excludes zero. NNSE at 8 h: gauge-free 0.60 and GTSM 0.62 (tier
A); neural network 0.80, GTSM with bias correction 0.67, persistence 0.67 (tier B).

a
Configuration local information added NNSEQ8h
All open products (EOT20 + reanalysis forcing) none 0.593
+ local tidal statics harmonic-fit constants 0.598
+ measured surge scale one scalar o 0.618
+ real-time water level (flagship) 208 h local history 0.782
b
full distribution  wins  p99.9 storm windows peak
@8h @48h @8h  @8h @48h capture
A: no gauge gauge-free model 6.7 6.7 38/80 11.8 13.3 0.57
GTSM 6.2 6.1 8.8 9.9 0.61
B: gauge at to neural network 4.2 6.0 66/80 7.9 11.2 0.62
GTSM + bias correction 5.5 6.3 7.7 9.6 0.66
persistence 5.9 10.1 12.4 23.8 0.34
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network is better on the bulk at short leads and no
difference is detectable inside storms.

The 99th-percentile envelope is well cal-

» ibrated hour by hour but covers fewer

than half of storm peaks

Point forecasts under-predict the sharpest peaks at long
leads for a structural reason: conditional-mean regres-
sion against unpredictable peak timing. The quantile
envelopes carry part of that information. At the true
peak hour of p99.9 events, the mean q99 height is 0.91
to 0.99 of the mean peak height in the deployment set-
ting at every peak-lead bucket including 25 to 48 h
(where the point forecast reaches 0.56 and persistence
0.12); across the four rotations that ratio ranges from
0.69 (Europe) to 0.93 (Japan), so envelope quality, like
point skill, degrades with regime distance. The ratio is a
mean and hides the spread: the fraction of storm peaks
that lie under the q99 envelope is 41% in deployment
and 23 to 46% across the rotations, highest for peaks
within 6 h of issue and lowest at 25 to 48 h. Overall q99
coverage is close to its nominal value of 0.99, the frac-
tion of hours a 99th-percentile envelope should contain
(0.98 in deployment, 0.96 to 0.98 across the rotations)
while q90 under-covers (0.88 in deployment and 0.83 to
0.87 across the rotations, against 0.90). Conditional tail

coverage, the share of high-water hours under the q99 .

envelope (a diagnostic, since even a calibrated marginal
quantile sits below nominal on selected hours*°), is 0.75
in deployment and 0.52 to 0.74 across rotations, which
marks headroom for conformal or tail-specific recalibra-
tion. Envelope crossing is zero throughout, and under
the strictly proper pinball score the quantile trajecto-
ries beat per-gauge climatological quantiles by +45% at
7 = 0.90 (82 of 84 gauges) and +47% at 7 = 0.99 (77
of 84), so the envelopes carry conditional information
beyond their width.

Discussion

Three results carry the paper. First, one neural network
trained on the global gauge network forecasts surge at
gauges and whole regions that contributed no training
data, and it keeps four fifths of its skill when driven
by real weather forecasts. Second, transfer depends
on which coastal regimes the training gauges cover as
well as on how many there are: enlarging a Europe-
free training set from 299 to 593 gauges lifted Euro-
pean pooled skill from zero to +11%, and at a fixed
298 gauges a 49-country training set transfers to Eu-
rope where a two-country training set does not. Third,
the local water-level feed is the largest single term in the
information ladder, the hydrodynamic model keeps the
lower storm-window error where no gauge exists, and
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the probabilistic envelope is calibrated hour by hour
yet covers fewer than half of storm peaks.

Transfer is a property of the training network, on two
axes. Gauge count raises accuracy, about five points
of pooled skill per doubling, and the gains hold when
the number of optimizer steps is held fixed (matched-
update control, Methods). Regime diversity enables
transfer, as the Europe-free intervention and the equal-
count composition experiment show (Results). The
two results together make regime coverage, alongside
count, the property of the training network that trans-
fer depends on. Further, we find that a gauge’s value
is largest in the following cases: within the context
of its own coast, where the real-time feed is the sin-
gle largest term in the information ladder, and second,
to each coast sharing its regime, where it enters as
training diversity. The same result argues for finish-
ing what GESLA began*!: a single, quality-controlled
global gauge archive; Extended Data Fig. 5 maps the
record lengths of the present training network. Most
of the effort in this study went into removing duplicate
records, screening data quality, and masking tsunami
hours, work that a consolidated archive would do once
for everyone.

For a coastal service the results separate what the
local observation contributes from what the network
contributes. At a gauge with a water-level feed but
no locally developed model, which is the case at many
of the world’s several thousand operational gauges*!, a
model trained on the network provides, from open data
and a single forward pass, hourly point forecasts that
beat persistence by 37% in pooled error (30% with real
forecast forcing) and by 32 to 40% inside storm win-
dows, together with q99 envelopes whose hourly cov-
erage is near nominal out to two days and which lie
above fewer than half of the largest storm peaks. Com-
pared with the global hydrodynamic reanalysis when
both are given the same water-level observation, the
model is more accurate over all hours at an eight-hour
lead, and the two are statistically indistinguishable dur-
ing storms. When neither has a local observation, the
two are indistinguishable over all hours and the physics
model is more accurate during storms, above all on wide
shallow shelves. On the 80 gauges of this comparison
the observation adds more skill at 8 h than the hy-
drodynamic model does: the gauge raises the neural
network’s NNSE from 0.60 to 0.80 (tier A to tier B),
while the corrected physics added to persistence leaves
bulk NNSE at 0.67. Conditional tail coverage of 0.5 to
0.75 means the envelope misses between one high-water
hour in four (deployment) and one in two (the weakest
withheld region), so the outputs are candidates for eval-

7 uation as supplementary guidance alongside validated

local systems, at the thresholds and lead times a service
uses. Because the model is driven by weather forecasts,
its skill in operation will rise and fall with the quality
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Zero-shot forecast vs ERA5-forced GTSM reanalysis, information matched (80 gauges, identical windows, 2010-2018)
a bulk accuracy, both sides given the t0 observation: forecast better at 66/80 gauges
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RMSE@8h reduction vs GTSM + observation (%)

b storm peak magnitude (p99.9 windows): forecast better at 28/61 gauges

o
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-0.1

0.0

0.1 0.2

Figure 5: The head-to-head of Table 2b, mapped (tier B, same observation on both sides). (a) Per-gauge reduction
of 8-h RMSE relative to the bias-corrected reanalysis: the neural network is better at 66 of 80 gauges; the exceptions
concentrate in the Baltic and North Sea, where the physics has 22 to 46% lower error at 8 of 9 gauges. (b) Peak-
capture difference inside p99.9 storm windows (61 gauges with at least five windows): the physics is better at 33
of 61 gauges, a difference whose interval spans zero (Table 2b).

of those forecasts.

It is important to highlight the differences between
development of a forecast, operational or not, and the
development of an early warning system? 44, The for-
mer does not imply the latter, and without properly
describing the policies, actions and decisions that may

s be influenced by such a system, it is not appropriate to

retrofit statements of usefulness or value retrospectively
based on the existence of a sufficiently skilful forecast
(from a statistical perspective) or what is perceived to
be an “operational” EWS. This is increasingly impor-
tant as extreme event risk continues to evolve, leading
to some areas being at risk that have not experienced
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certain types of hazards in the past?>%5. An opera-
tional EWS for storm surge can yield benefit for some
communities and sectors, yet still lead to zero benefit,
and perhaps cause harm (for example, in terms of cre-
ating a distraction and leading to reprioritization away
from the most vulnerable to those that can act when
receiving such messaging) .

Therefore, even with the most advanced EWS, the ar-
eas that integrate the most data (of sufficient quality)
are the ones best placed to benefit, and whether that
benefit is realized depends on the dissemination, action
capacity, governance and financing described above.
These are generally the countries in higher socioeco-
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nomic categories, so uneven data and technical capacity
may widen the gap between the availability of an im-
proved forecast and its accessibility and usefulness in
the most vulnerable communities 84,

That said, the potential of “widening the gap” of
storm surge impacts between wealthier and lower in-
come areas should not stop progress. Rather, all should
be aware of this dynamic, and seek alignment with the
socioeconomic factors in the areas such a system will
be both present in and be available at a sufficiently
high level of quality or skill. These are two of the en-
abling environments of developing EWS of any type,
with others including governance structures, existence
of standard approaches to monitoring, evaluation and
revision®®, and financing to allow for anticipatory ac-
tions to take place, for all, when the EWS indicates,
for example, a critical height of storm surge, to occur
at certain locations inland, for a critical period of time.
In the terms of this paper, shared observations supply
the transferable forecast; whether it becomes a warning
depends on these local conditions.

The limits are as concrete as the gains. Most skill
is measured under perfect-prognosis forcing; two full
years of real 48-h forecast forcing keep four fifths of the
pooled skill and beat persistence at 72 of 79 gauges, but
the largest peaks at 27 to 45 h of lead lose a quarter of
their point capture (0.47 to 0.36), and the reforecast is
an older, coarser system than current operational NWP,
so an evaluation with a current ensemble remains to be
done. Peak magnitude is under-predicted by the point
forecast, the q99 envelope lies under the true peak in
more than half of the largest storms, and the physics
model has the lower storm-window error where no gauge
is available, above all on shallow shelves and in the semi-
enclosed Baltic, where the information sits in the spatial
wind field; spatial forcing context and tail-specific heads
are the identified levers. Surge is one component of
coastal flooding; wave run-up and rain-driven flooding
are outside this paper. Splits are spatial, so test-gauge
years overlap training years at other gauges, and three
per-gauge scalars used at inference are computed over
the gauge’s full record (Methods).

Global models built on simulation?326:51 attack the
same coverage gap from the other side, with dense re-
analysis and hydrodynamic fields as inputs and either
observed gauges?® or synthetic storm ensembles?6:°!
as targets, at the price of registered data products.
The two approaches are complementary: observations
give calibrated local truth where gauges exist and mea-
sured transfer estimates where they do not, and simu-
lation gives spatial density between gauges; a learned
post-processor that ingests the reanalysis is the obvi-
ous hybrid and would reintroduce the registered prod-
uct the rest of this pipeline avoids. On architecture,
a 6M-parameter recurrent model with per-hour forcing
led a 23M-parameter attention model at 71 of 77 test
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gauges, and a generic time-series foundation model with
no forcing beat persistence only in the autocorrelation-
dominated first hours (Methods; Extended Data Ta-
ble 4); we read the result as a match between induc-
tive bias and the generating process, since surge inte-
grates wind stress and pressure hour by hour, which is
the computation a recurrent state performs, consistent
with reports that generic foundation models lag domain
models on streamflow®? and that simple models beat
transformers on long horizons®3.

The next steps follow from the map. Spatial forc-
ing context, tested first in the Baltic, addresses the one
regime where physics wins on the bulk; conformal re-
calibration on a small local sample or at region level
addresses tail coverage; and a prospective experiment
in an unrepresented regime, adding a handful of gauges
and re-scoring a withheld proxy gauge, would test the
observing-system argument forward. We release the
dataset recipe, splits, protocol, and models so that the
next claim in this space, ours or anyone’s, can be tested
against a shared benchmark.

Methods

Sea-level observations and surge extrac-
tion

s Water-level observations come from the GESLA-3

archive*!. Native-resolution records are gross-clipped

(10 m water level), flag-filtered (GESLA use_flag=1),
and hourly averaged; surge values with |s| > 4 m are
masked as non-meteorological or instrumental (hourly-
mean detided surges above 4 m at a gauge are, in this
dataset, tsunamis, datum jumps, or sensor failures).
Storm surge is extracted from the observed water level
n by removing the harmonic tide (utide®) and low-
frequency variability,

n(t) = T(t) +m(t) + s(t),
s(t) =n(t) = T(t) —m(t), (1)

where T is a segmented harmonic fit (utide, 8-year
blocks with Sa/Ssa and a linear trend per block), m
is a 30-day moving mean, and the residual s is the
surge signal after MAD-based despiking (80). Segmen-
tation is essential for extremes: a single 101-year fit at
The Battery underestimates the peak surge of Sandy
(2012) by 26% (2.59 m to 1.92 m), which the seg-
mented fit removes. Detiding quality is audited twice.
A coherent per-gauge harmonic re-fit gates admission
(median coherent M2 residual 0.11 cm; gauges above 2

s cm excluded). Because a coherent fit under-measures

incoherent tidal-band energy, an independent spectral
audit recomputed total M2-band energy on the pro-
cessed surge: the fold-wide median is 1.0 cm, and ev-
ery training-pool gauge above b cm is an estuary, river,



610

615

620

630

635

640

645

660

weir, or lake site (relabelled out of domain); three ma-
rine test gauges retain elevated residuals (Holyhead,
the Sao Marcos Bay gauge in Brazil listed as Madeira,
Puerto Montt, 5 to 12 cm) and are kept in the test set
and flagged in the released tables. The same audit ver-
ified that landmark storm peaks survive cleaning where
raw data exist (Sandy at The Battery, 2.59 m; Xyn-
thia at Les Sables, 1.12 m; Haiyan at Cebu), that the
segmented fit leaves only sub-p99 single-hour steps at
block joints (median 4.8 cm at 0.0015% of hours), and
that the 30-day high-pass attenuates 1-to-3-day surge
pulses by only 4 to 11%. The high-pass deletes iso-
lated data islands shorter than about 15 days and pre-
hourly-sampling eras, so the 1953 North Sea flood sur-
vives in this dataset only at Esbjerg; the |s| > 4 m

s mask removes 128 fold hours, a few of which at Ger-

man estuary gauges are real storm peaks (those gauges
are out of domain). The low-frequency baseline and
despiking windows are centred, so the surge targets
are retrospectively defined, and the harmonic constants
are full-record estimates, as is standard for detided-
surge datasets. Recomputing all 84 marine test gauges
with strictly trailing, causal windows and re-evaluating
the delivered model zero-shot changes no conclusion
(all evaluation windows): pooled skill moves from +39
to +36% (persistence itself strengthens, because slow
anomalies remain in the causal target), NNSE at 8 h
rises from 0.786 to 0.818, storm-window skill at 8 h
from +35 to +40%, and 80 of 84 gauges still beat per-
sistence. The centred definition is conservative on ex-
tremes: a centred 30-day window absorbs part of each
storm peak into its baseline.

Forcing

Hourly 10 m wind (u, v), mean sea-level pressure, and
precipitation at each gauge location from the Open-
Meteo historical archive (open, no registration), re-
quested with the API’s default product, which com-
bines ERA5% at 0.25°, ERA5-Land at 0.1° over land,
and ECMWF IFS analyses at 9 km from 2017 onward,;
we refer to it as reanalysis forcing. This is a perfect-
prognosis setting: reanalysis stands in for a forecast-
time atmospheric field, isolating the surge-mapping
problem from NWP error, consistent with prior surge
ML?2%:24, Forcing fetches begin in 2000, so the median
gauge contributes 44% of its surge record to the joined

s dataset (quartiles 27 to 73%, minimum 1%). For 251

of the 1,047 gauges with at least 3,000 joined hours the
forcing fetch returned nulls for whole calendar years, so
23 to 78% of their post-2000 hours (median 54%) are
dropped at the join; the remaining gauges lose at most
20%.
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Cleaning beyond the standard pipeline

Two failure modes discovered during this work moti-
vate cleaning steps we have not seen in prior surge ML.
Cross-provider duplicates. The documented catalogue
cleaning removes 74 lake and river stations, 23 gross-
range failures, and 321 cross-provider duplicates (377
sub-2-km pairs, 42% of raw records); a final 0.02°-box
dedupe in the split builder catches 26 residual pairs (for
example Abashiri via UHSLC and via JMA) and keeps
one member of each. Undetected duplicates straddling
a train/test split would constitute direct leakage. Seis-
mic contamination. Percentile-selected extreme events
include tsunamis and seiches: the largest “surge” in our
Japan test set (112 cm, Aburatsubo, March 1952) is the
Tokachi-oki M8.1 tsunami week. We mask hours within
graded windows of USGS M7+ events (M>7.0 within
1,000 km: 72 h; M>7.5 within 3,000 km: 96 h; M>8.0
within 8,000 km: 168 h). The mask removes a median
of 0.8% of hours (2.0 to 2.4% in Japan, 0.1% in Ger-
many) but a far larger share of p99.9 exceedance hours
where it matters: up to 45% at individual gauges (Vung
Tau, Vietnam), with 16 fold gauges above 10% (Sup-
plementary Table 3b). The mask entered the pipeline
mid-study; all reported results are computed on masked
records, and the rotations were retrained under the final
validation-fold protocol after masking.

Dataset, splits, and pre-registration

The final dataset holds 1,054 gauges with joined obser-
vations and forcing. Removing the 100 pre-registered
test gauges (84 marine primary, 16 out of domain),
the 127 gauges inside their 0.5° exclusion buffers, one
member of each of 23 remaining co-located pairs, and
four gauges that the catalogue cleaning had already ex-
cluded (three lake, lagoon, or river sites and one co-
located twin) leaves the 800-gauge split pool (760 train-
ing, 40 validation). Fold sizes are nominal: seven of
the 1,054 gauges have fewer than 3,000 joined hours
after masking, because their records end at or before
the start of the forcing archive in 2000 or, in one case,
lost their wind forcing to a download failure, and they
contribute no windows; four sit in the training fold
(756 effective training gauges), one in the validation
fold (39 effective), one among the sixteen out-of-domain
test gauges (15 effective), and one outside the split.
The training-set sizes of the scaling and rotation ex-
periments are nominal in the same way (effective sizes
63, 126, 254, 380, 508, 636, and 756 along the lad-
der; 592, 587, 606, and 785 for the Japan, Europe,
North America, and Oceania rotations). Two eval-
uation settings were frozen before the corresponding
training (split files in the repository). Deployment (un-
seen gauge within the observed network). 100 gauges
were pre-registered, stratified across all continents, each
with a 0.5° exclusion buffer (remaining gauges form
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the training pool). Two audits then screened the pre-
registered set by water-body type before the final mod-
els were evaluated: a composition audit relabelled six
gauges (five Great-Lakes, one Antarctic ice-shelf sta-
tion), and an independent detide-and-cleaning audit re-
labelled ten more whose records are estuarine rivers,
a tidal weir, a delta channel, or a lake (Elbe, Loire,
and Ems estuary chains, the Sacramento delta, the
Columbia River, Lake Huron; Supplementary Fig. 1).
The primary test set is therefore 84 marine open-coast

s gauges (Asia 18, Europe 18, North America 15, Ocea-

nia 10, Africa 8, South America 8, Pacific islands 7;
grouping as in Table 1). The relabeling is conservative
on the headline metric: on the dress-rehearsal model
it raises pooled skill by 0.7 but lowers 8-h skill by
1.3 points, and that model beat persistence on all six-
teen relabelled gauges; the delivered model beats per-
sistence on 14 of the 15 that pass the joined-hours min-
imum (all windows; Supplementary Information). Pre-
registration integrity, stated once and completely: the

s test set was evaluated twice, in a dress rehearsal with

an earlier training set and in the final clean-protocol
run; between the two, no architecture, hyperparame-
ter, or selection decision changed in response to test
results, and the protocol changes (validation-fold selec-
tion and the QC-clean training universe) were audit-
driven and test-blind. The only change to the test set
itself was the water-body relabeling, whose criterion is
physical and whose effect is quantified in both direc-
tions above. One registered marine gauge, Varennes on
the fluvial St Lawrence just downstream of Montreal,
passed both audits (its tidal range is 3 cm, so the de-
tide screen could not flag it) and stays in the primary
set as registered; it is one of the three gauges that do
not beat persistence (Supplementary Fig. 1a). The split
files are shipped unchanged in the public repository; the
commit history of the working repository from which
the release is built records when each was frozen. The
training pool retains 62 lake, river, and inner-estuary
gauges (8% of the pool; Supplementary Fig. 1): het-

s erogeneous forcing-response regimes are useful training

signal even where they would contaminate evaluation.
Two ablations confirm their effect on marine test skill
is nil: removing the 54 of them in the Great Lakes,
on the St Lawrence, and on the Dutch inland waterway
from the deliverable (760 to 706 training gauges) moves
pooled skill by 0.6 and 8-h skill by 0.3 points, and at
matched count (640 gauges with proportional lake con-
tent against 640 marine-only) the differences are 0.5 and
0.3 points with mixed signs, all of the size seen in the

s replicate run. The field norm for this setting is no buffer

at all?>3%; we additionally deduplicate at 2 km. Out-
of-network (unseen region). Four rotating leave-region-
out splits (Japan and Pacific, 77 test gauges; Europe,
234 (233 evaluated, 231 with enough continuous win-

dows); North America, 220 (214 evaluated); Oceania, ©°
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s encoded position, tidal range, tidal form factor).

111), each evaluated by a model trained without any
data from the region and selected on a 40-gauge valida-
tion fold carved from the remaining pool. Regions are
defined by membership, so the minimum train-to-test
separation differs by rotation (2.2° North America, 2.3°
Japan, 6.4° Oceania, 7.5° Europe); no training gauge
lies within 0.5° of a test gauge in any split. Gauges
with fewer than 3,000 joined observation-forcing hours
are excluded from evaluation. Rotation test sets con-
tain every gauge of the region that passes the joined-
hours minimum, including lake, river, and inner-estuary
gauges that the marine deployment set excludes: 80 of
the 214 evaluated North American gauges (the Great
Lakes and their connecting channels, the St Lawrence
above the head of tide, the Columbia River above its es-
tuary, and the Sacramento—San Joaquin Delta), 7 of 231
European (the Elbe above Cuxhaven, the Loire above
Saint-Nazaire, and the Rhine-Meuse tidal rivers), and
1 of 111 Oceanian (the Gippsland Lakes); the classi-
fication is released with the code. Restricted to ma-
rine gauges, the North American rotation scores +16%
pooled and +14% at 8 h (NNSE 0.713; 110 of 134 gauges
beat persistence; the 80 non-marine gauges score —4%
pooled), Europe and Oceania change by 0.2 points or

s less, and the union becomes 414 of 545. The rotation

splits predate the final 0.02° dedupe pass, so 16 cross-
provider pairs within 2 km remain inside the test sets
(Europe 7, North America 2, Oceania 7); dropping the
higher-gap member of each pair changes pooled skill by
at most 0.2 points and the union count to 465 of 617.

Model and training

An encoder LSTM (2 x 512) reads 208 h of context
(surge, wind u and v, pressure, precipitation, with five
static coastal attributes concatenated per step: sin/cos-
A
decoder LSTM (2 x 512) rolls 48 hourly steps, each
consuming that hour’s future forcing plus statics, ini-
tialized from the encoder state. A zero-initialized linear
head outputs three residual trajectories relative to the
last observation (the persistence anchor). For issue time

to and lead £ € {1,...,48},
9P (to + €) = y(to) + AP(0),
k € {pt,¢90,¢99}, (2)

so an untrained model reproduces persistence exactly
and gradient descent learns only corrections to it. The
point head is trained with magnitude-weighted MSE,

L ~(pt 2
o Tl ) (3, — yiore)
pt — T
S w(yeore)

i

w(y) =1+yl, (3)

with y in units of per-gauge surge standard deviation,
and each quantile head with the standard pinball loss



o
a

840

845

85C

at level 7 € {0.90,0.99},

L
1
L, = 7 Zmax(r ug, (1 —1) Ug),
=1
_ _ (7) 4
U = Yto+L — Yoo ( )

combined as £ = Ly + A (Lo.90 + Lo.99) with A = L.
The model has 6.35M parameters. Normalization: per-

»20 window standardization of context surge, per-gauge

standardization of forcing, targets in units of per-gauge
surge standard deviation. Training: AdamW (weight
decay 0.05), learning rate 10~2 with cosine decay and a
10% linear warmup, 12 epochs, batch 64, gradient clip
1.0; checkpoint selection by zero-shot point RMSE at 8
h on a 40-gauge validation fold carved from the train-
ing pool (stratified, excluded from training), never on
the test fold and never by training loss; for the deliv-
ered model the selected checkpoint is the final epoch.
The persistence-anchored residual repairs an otherwise
universal mean-regression failure; statics enable cross-
site generalization®®; per-hour forcing consumption in
the decoder is the decisive architectural factor (below);
the quantile head adds calibrated envelopes and im-

» proves the point forecast on extremes through shared-

trunk multi-task learning. The gauge-free variant is the
same architecture retrained with the water-level context
channel and the anchor set to zero; its tidal statics come
from EOT202° and its output scale from a gradient-
boosted regression of o5 on reanalysis-forcing covariates
fitted on training gauges (log-correlation 0.85, median
error 14%; EOT20 reproduces local tidal range with
log-correlation 0.93 and median error 3%).

Evaluation protocol and metrics

Every reported number comes from a single evaluation
script run on the complete test sets (Supplementary
Table 1 maps every reported quantity to its implemen-
tation). The persistence reference at issue time tq is
Uper(to+¥¢) = y(to) for all £. Per-gauge, per-lead RMSE
and the corresponding skill are

971/2
RMSE;(¢) = [ﬁ Stoet (Us(to +£) = ys(to + 1)) } ;

(RMSE, (£))

skill(¢) =1 — —<RMSE§er(€)>S’

(5)
with (-)s the mean over test gauges. Pooled RMSE
aggregates squared errors over all leads ¢ < L before
the root,

1/2

RMSER™ = [ S0/, RMSE,(02] 7, (6)

which makes its failure mode explicit: because

s RMSEP®(¢) grows roughly monotonically with £ (surge

decorrelation), the sum is dominated by the longest
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leads, and a model can beat persistence pooled while
losing to it at every operational lead ¢ < 12. An
early attention-based variant of ours did exactly this:
+14% pooled skill while losing to persistence at 4 h
(—47%), 8 h (—15%), and 12 h (—8%), capturing 16%
of p99.9 peak height and under-predicting 100% of
peaks. Since aggregate metrics of this type are the
field’s default, we report per-lead and event-conditioned
metrics throughout, extending to surge the extreme-
evaluation critique established for global weather mod-
els5™%8. NNSE is 1/(2 — NSE) with NSE the Nash—
Sutcliffe efficiency, computed per gauge at a fixed lead
and averaged. Event-conditioned metrics use station-
level thresholds (p99/p99.5/p99.9 of the surge distribu-
tion over the gauge’s full test record): event-window
and high-water-hour RMSE (the latter pooled over
hours across gauges), per-lead skill within event win-
dows, and peak capture at the true peak hour t* of
each p99.9 window,

@ (t* )>windows
<y (t* )>windows

; (7)

capture =

reported overall and stratified by the lead position of
the peak. Quantile heads are scored by coverage, overall
and conditional on high water,

by sharpness (mean envelope width §(%9) — (Pt on
storm against calm hours, reported as their ratio), by
the quantile-crossing rate Pr((4%0) > §(499)) and by
the pinball score against per-gauge climatological quan-
tiles. Because neighbouring gauges are not indepen-
dent, uncertainty is reported with a spatial-block boot-

s strap: gauges are grouped into eleven ocean regions

(and, as a check, by country), regions are resampled
with replacement 4,000 times, and each skill or paired
difference is recomputed on every resample; the 2.5 and
97.5 percentiles are quoted as 95% intervals. Deploy-
ment pooled skill is +37% with interval +33 to +41%
and 8-h skill +30% (426 to +34%); the withheld-region
experiments yield +30% (+18 to +49%) for Japan,
+11% (0 to +22%) for Europe, +10% (+1 to +28%)
for North America, and +8% (+8 to +25%) for Ocea-
nia. These intervals are wide because a withheld-region
experiment contains only three to four ocean regions,
so the block bootstrap has few blocks to resample; the
width measures the resampling design and carries no
information about the model. Paired comparisons are
reported as counts of gauges together with the interval
of the mean difference; bold entries in the tables mark
intervals that exclude zero.
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Baselines

Persistence. The persistence baseline holds the last
observed surge; because the model’s head is zero-
initialized and its output is anchored on the same ob-
servation, persistence is the model’s own zero-correction
output, so both sides always see the same ¢y sample.

Hydrodynamic reanalysis. The ERAS5-forced
GTSM v3 surge reanalysis (10-min, hourly-averaged)
was sampled at the nearest output point to each gauge
(median 1.5 km; three gauges with the nearest point
beyond 25 km change no conclusion), high-passed
with the same centred 720-h mean as the target, and
mean-aligned per gauge; 80 gauges have sufficient
joint coverage over 2010-2018, 61 of them with at
least five p99.9 storm windows among the continuous
windows. In tier B it receives the observation through
a bias correction equal to its mean error over the 25 h
preceding issue time (the 25-h mean removes a semidi-
urnal component present in the gauge-minus-reanalysis
difference); instantaneous anchoring and a mean cor-
rection over the full 208-h context are both weaker (6.3
against 5.5 cm at 8 h for the 208-h correction) and are
reported in the repository. Without the high-pass, 22%
of the reanalysis’s apparent 8-h error is low-frequency
signal that the target definition removes. For context,
uncalibrated GTSM at gauge locations scored NNSE
0.195 in the simulation-based study?3, and CoDEC-
ERADS validates against GESLA annual maxima at 485
gauges with an RMSE of 0.26 m'?. Persistence, the
gauge-free model, and the flagship are scored on the
identical windows. Storm windows in this comparison
are defined by the p99.9 of the window targets over
2010-2018, the same threshold for both systems. The
comparison matches the local observation given to
each side and nothing else: the reanalysis is driven by
ERA5 wind and pressure fields over its whole domain,
the neural network by the Open-Meteo forcing series at
the gauge, so the head-to-head compares two complete
forecasting systems that differ in meteorological input
as well as in method.

Simulation-based densification. The comparison
to the published NNSE 0.55623 is indirect: their met-
ric is pooled across gauges, their test targets are sin-
gle hours drawn preferentially at cyclone landfall times,
their target is detided differently, and their test split is
spatial and temporal; ours is per gauge, all hours, spa-
tial only.

Generic time-series foundation model. Chronos-
Bolt"?, a general-purpose time-series forecasting model
pretrained on large collections of unrelated time series
(we use its small variant), forecasts from the 208-h surge
history alone, with no weather input and no training
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on our data, on the same windows and gauges as the
architecture comparison.

Architecture factor study (Extended Data Ta-
ble 4). On a 298-gauge training set with Japan with-
held (77 test gauges), all rows under the clean proto-
col: the recurrent model; an attention model (23M pa-
rameters) whose predictor cross-attends from 48 hourly
queries to the encoded context and to 192 hourly forc-
ing tokens that carry learned hour and channel embed-
dings, trained with the same loss and budget at the
transformer-conventional learning rate of 3 x 10~* (no
learning-rate sweep on either side); and Chronos-bolt.
The recurrent model has the lower 8-h RMSE at 71 of
77 gauges.

Real-forecast forcing

GEFSv12 reforecast control-member 10 m winds,
mean sea-level pressure, and accumulated precipitation
(0.25°, 3-hourly, issued at 00 UTC only) were fetched by
HTTP byte range from the public archive and sampled
at the nearest grid point to each gauge (scripts in the
repository). For the season-scale check every 00 UTC
cycle of 2012 and 2017 was used (731 cycles; the two cal-
endar years within the reforecast period with the most
test-gauge coverage, 72 and 65 of the 84 gauges with
at least 80% of hours, chosen before any forecast was
scored). At each cycle the model reads the same 208
h of observed context and reanalysis forcing as in de-
ployment and receives, for the 48-h horizon, either the
reanalysis forcing (perfect prognosis) or the reforecast:
3-hourly values interpolated to hourly and anchored on
the reanalysis value at issue time, with the 3-h precip-
itation buckets rebuilt from the reforecast’s alternat-
ing 3-h and 6-h accumulations, then normalized with
the gauge’s reanalysis statistics without bias correction.
Windows require a fully continuous 256-h record; per-
sistence, the reanalysis-forced and the reforecast-forced
runs are scored on identical windows with the metrics of
the main evaluation (per-lead RMSE pooled over hours
for the skill curves, gauge-mean RMSE for the pooled
and fixed-lead skills, storm windows defined by the
gauge’s full-record p99.9 threshold). For the storm-case
check, twelve of the largest test-gauge storms were se-
lected before any metric was seen and nine retain com-
plete forecast and observation coverage (eight storms,
Xaver at two gauges); the issue time is the 00 UTC cycle
24 to 48 h before the catalogued peak, so that the peak
falls in the second day of the horizon (implemented as
the cycle 36 to 60 h before the peak, moved one day
later for the three storms where that cycle leaves the
peak outside the horizon), which gives true peak leads

s of 27 to 45 h (Supplementary Table 2). Context and

persistence are identical between the two forcings, so
the difference isolates the forcing.
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Data integrity notes

A single same-pipeline replicate (512 training gauges,
unseeded, clean protocol) differs from its twin by 0.8
points pooled skill, 0.8 points at 8 h, 0.004 NNSE, and
0.01 peak capture (0.6, 0.2, 0.002, and 0.02 on all win-
dows); one replicate does not bound run-to-run vari-
ation, and differences of this order should not be in-
terpreted. A matched-update control retrained the 64-
and 256-gauge training sets to at least the 760-gauge
run’s 77,028 optimizer steps (77,077 and 77,922 steps in
whole epochs): the 64-gauge model moved from +19 to
+20% pooled and from +17 to +19% at 8 h (validation-
selected checkpoint at epoch 18 of 143), the 256-gauge
model from +28 to +27% pooled with 8-h skill un-
changed at +23%. There is no temporal test split: three
per-gauge scalars used at inference (the surge scale oy,
the forcing mean and standard deviation, and the tidal

»s statics, the last fitted on the gauge’s most recent ten

years) are computed over the gauge’s full record, evalu-
ation hours included; the information ladder measures
what removing them costs. Each evaluation case is a
window of 256 consecutive rows of the record, 208 hours
of context followed by 48 hours to forecast, taken every
48 hours along the record. Because hours with miss-
ing data are removed before the windows are taken,
28.7% of the 239,757 deployment windows contain a
gap somewhere in their 256 rows (9.0% inside the 48-h

s forecast period, 2.2% at the 8-h lead). Across a gap a

persistence forecast spans more real time than its nom-
inal lead, which favours the model on those windows.
Training windows are taken the same way. All primary
results are therefore computed on the fully continuous
windows (71% of deployment windows, 55 to 80% across
the rotations; gauges with fewer than 20 such win-
dows are dropped, which removes two European rota-
tion gauges), and Extended Data Table 5 reports every
headline number on both sets: on all windows pooled
skill is 2 points higher in deployment and 2 to 5 points
higher in the rotations, 8-h skill 0 to 3 points higher,
no comparison changes sign, and one deployment gauge
(Veracruz) moves from +0.5 to —18% pooled skill, so
the count of gauges beating persistence is 82 of 84 on
all windows and 81 of 84 on continuous windows. Two
known defects remain in the training data: one training
gauge (Dublin Port, Ireland) retains part of a segment
in which the sensor reported a constant value, and one
training gauge lost its wind forcing to a download fail-

ss ure and contributes no windows. Neither gauge is in

the test set. The seismic mask is rule-based; Supple-
mentary Table 3 and Supplementary Fig. 3 document
its behaviour on four events (Tohoku 2011 and Sumatra
2004, removed; Sandy 2012 and Haiyan 2013, retained)
and list the gauges whose extreme hours it affects most.
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Data and code availability

All code, split files, per-gauge evaluation tables, the
training logs of the seven runs made after run logging
was added, the sampled reforecast forcing at the test
gauges, and the cleaned-dataset recipe: https://gith
ub.com/HeshanChen/surge-zeroshot; the release of
record (v1.0.0) is archived at Zenodo (https://doi.
org/10.5281/zenodo.22787673). GESLA-3 and the
Open-Meteo archive are open; no registered products
are required anywhere in the forecasting pipeline. The
hydrodynamic baseline is distributed via the Coperni-
cus Climate Data Store and was used for comparison
only.
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Extended Data

Extended Data Table 1: Season-scale real-forecast forcing check: the delivered model driven by GEFSv12 reforecast
control forcing at every 00 UTC cycle of 2012 and 2017, against the same model with reanalysis (perfect-prognosis)
forcing and against persistence, on identical continuous windows at the test gauges. Skills against persistence
in percent from gauge-mean RMSE; storm-window RMSE over all leads inside p99.9 windows; capture = point
forecast at the true peak hour as a fraction of peak height; q99 above peak = share of storm windows whose true
peak lies under the q99 envelope. Where two or three values are given they refer to reanalysis forcing / reforecast

forcing (/ persistence).

2012 2017 both years
Gauges with continuous records 78 70 79
Forecast windows 18,432 16,796 35,228
Storm windows (p99.9) 141 142 283
Pooled skill, reanalysis / reforecast +37.5 / +30.5 +37.8 / +30.2 +37.3 / +30.1
Skill at 8 h +29.4 / +24.5 +27.9 / +24.9 +28.2 / +24.2
Skill at 48 h +41.6 / +32.7 +42.2 / +33.6 +41.4 / +32.9

Gauges beating persistence, reforecast (reanal-

71/78 (73/78)

64,/70 (66/70)

72/79 (74/79)

ysis)

Storm-window RMSE, reanalysis / reforecast /
persistence (cm)

Peak capture, reanalysis / reforecast (persis-
tence)

99 above the true peak, reanalysis / reforecast

(%)

12.1 /143 /24.8 145 /164 /247 134 /154 /247

0.66 / 0.69 (0.27)  0.65 / 0.69 (0.27)  0.65 / 0.69 (0.27)

46 / 49 49 / 44 47 / 46

Extended Data Table 2: Rotating leave-region-out zero-shot transfer under the final protocol (validation-fold
checkpoint selection, seismic-masked records, continuous evaluation windows; each region evaluated by a model
trained without any data from it). Storm per-lead = skill range over leads 4 to 12 h inside p99.9 windows. The
Oceania row is the median of three same-pipeline runs (pooled skill +5 to +10% across runs).

Withheld region n  pooled @8h  storm per-lead peak capt. (pt / q99) NNSEQ8h
Japan + Pacific 77  +30% +23% 427 to +47% 0.59 / 0.93 0.803
Europe 231 +11% +11% +8 to +13% 0.38 / 0.69 0.719
North America 214  +10% +9%  +17 to +20% 0.41 / 0.76 0.680
Oceania 111 +8%  +9%  —1to +12% 0.43 / 0.75 0.727

Extended Data Table 3: Data scaling on the fixed 84-gauge marine test set (identical recipe at every size; the
largest size is the delivered model; continuous evaluation windows). q99 env. = mean 99 height at the true peak
hour as a fraction of mean peak height; tail cov. = q99 coverage of high-water hours.

Training gauges pooled @8h  NNSE@Q8h high-water p99.9 peak capt. 99 env. tail cov.
64 +19% +17% 0.728 +26% 0.48 0.82 0.69
128 +24% +20% 0.740 +32% 0.51 0.89 0.72
256 +28% +23% 0.753 +34% 0.53 0.89 0.73
384 +31%  +27% 0.766 +39% 0.54 0.89 0.73
512 +35% +28% 0.774 +43% 0.56 0.92 0.74
640 +36% +30% 0.779 +45% 0.58 0.96 0.78
760 +37%  +30% 0.782 +45% 0.59 0.93 0.75
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Extended Data Table 4: Controlled architecture factor study: 298-gauge training set, Japan withheld (77 test
gauges), clean protocol (validation-fold checkpoint selection, seismic-masked records, 12 epochs for both trained
rows), continuous evaluation windows. Skills against persistence; peak capture at the true peak hour of p99.9
windows (persistence 0.30). The recurrent model has the lower 8-h RMSE at 71 of 77 gauges against the hour- and
channel-embedded attention model.

Model backbone  forcing pooled @8h  high-water p99.9 peak capt.
Recurrent (delivered design) recurrence hourly, decoder +15% +14% +31% 0.58
Attention, hourly forcing tokens with attention  hourly, cross-attention  +7% 0% +11% 0.38
hour and channel embeddings

Chronos-bolt  (generic pretrained, attention none 1%  +5% +3% 0.32
zero-shot)

persistence 0 0 0 0.30

Extended Data Table 5: Every headline result on fully continuous evaluation windows (the primary set used
throughout the paper) and on all evaluation windows. Windows are cut on the joined record after dropped hours
are removed, so a fraction of them span a gap (the share that are 256 consecutive hours is given per row). Skills
against persistence in percent; peak covered = share of p99.9 storm windows whose true peak lies under the q99
envelope. No comparison changes sign; one deployment gauge (Veracruz) is positive on all windows and negative
on continuous windows (82 against 81 of 84 gauges beating persistence).

pooled @8h NNSE@8h high-water p99.9 peak capt. peak covered %

cont. all cont. all cont. all cont. all cont. all cont. all
Deployment, 84 gauges (71% continuous) +37 +39 430 431 0.782 0.786 +45 +43 0.59 0.60 41 46
Rotation Japan (55%) +30 +35 +23 +26 0.803 0.808 +34 +41 0.59 0.65 46 54
Rotation Europe (67%; 231 and 233 gauges) +11 +13 411 412 0.719 0.719 +16 +16 0.38 0.39 23 26
Rotation North America (70%) +10 +12 49 410 0.680 0.687 420 +20 0.41 045 26 30
Rotation Oceania, median run (80%) +8 +11 +9 410 0.727 0.731 +10 +11 0.43 0.45 26 26
Europe intervention, 299 arm (67%) 0 +3 47 47 0.698 0.698 +4 +5 0.29 0.31 17 19
Ladder 64 +19 +21 417 417 0.728 0.731 +26 +28 0.48 0.50 34 38
Ladder 128 +24 +26 420 421 0.740 0.745 +32 +32 0.51 0.52 39 42
Ladder 256 +28 +30 +23 423 0.753 0.756 +34 +34 0.53 0.54 40 44
Ladder 384 +31 +34 427 427 0.766 0.769 +39 +38 0.54 0.56 38 43
Ladder 512 +35 +37 +28 +29 0.774 0.778 +43 +40 0.56 0.57 41 46
Ladder 640 +36 +38 +30 +31 0.779 0.784 +45 +42 0.58 0.59 46 51
Composition 298, 49 countries +29 431 +24 +25 0.755 0.759 +39 +38 0.53 0.55 38 43
Composition 298, USA and Japan +7 412 -2 0 0.655 0.664 46 +3 0.38 0.39 34 37
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—— observed —— model point q90-q99 envelope persistence
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Extended Data Fig. 1: Largest extreme events across the 84 marine test gauges, forecast zero-shot by the delivered
model: observed surge (black), point forecast (blue), q90 to q99 envelope (shaded), persistence (dashed). Panels (a)
to (f): Gudrun (Esbjerg 2005, 2.8 m, peak at +20 h), Xaver (Dunkerque 2013), an Anchorage winter storm (2019;
the diagnostic miss: Cook Inlet is a funnel-shaped macrotidal estuary where single-point forcing under-resolves
both the wind fetch and the residual tidal dynamics, the same failure family as the bomb-cyclone and small-island
cases), Hurricane Tke (Morgans Point 2008, 1.7 m at +35 h, rising limb and peak inside the envelope a day and a
half ahead), Xaver in the Kattegat (Viken 2013), and Sandy (Atlantic City 2012, peak at +27 h). The selection
lands, with no curation, on named historical storms.
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a Gudrun (Jan 2005), Esbjerg b Xaver (Dec 2013), Dunkerque
GEFS +39 h, valid 2005-01-08 15 UTC

GEFS +45 h, valid 2013-12-05 21 UTC
2 . —
B

=

d Hurricane lke (Sep 2008), Morgans Point
GEFS +48 h, valid 2008-09-13 00 UTC

Cc Anchorage storm (Dec 2019), Anchorage
GEFS +48 h, valid 2019-12-26 00 UTC

N

€ Xaver in the Kattegat (Dec 2013), Viken f Sandy (Oct 2012), Atlantic City
GEFS +39 h, valid 2013-12-06 15 UTC _ GEFS +45 h, valid 2012-10-29 21 UTC

0 5 10 15 20 25 30
GEFS reforecast 10 m wind speed (m s™1)

Extended Data Fig. 2: Storm context for Extended Data Fig. 1: GEFSv12 reforecast 10 m wind speed (shading)
and mean sea-level pressure (contours, 4 hPa) at the forecast hour nearest each observed surge peak; the star marks
the test gauge.
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—— reanalysis forcing (perfect prognosis) = GEFSv12 reforecast forcing cost of real forcing

a full distribution: pooled skill +37% and +30% b p99.9 storm windows: 283 windows at 79 gauges
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Extended Data Fig. 3: Skill against persistence by lead under reanalysis (perfect-prognosis) forcing and under
GEFSv12 reforecast forcing, every 00 UTC cycle of 2012 and 2017 at 79 test gauges on identical continuous
windows (Extended Data Table 1). (a) Full distribution; (b) p99.9 storm windows. Skill is computed from RMSE
pooled over hours at each lead.

enclosed lagoons of the Oceania rotation (median run)

Port Phillip Bay and Western Port

1 lorne +20%
2 geelong -15%
3788 8 3 point lonsdale +5%
® 4 point richards -20%
- 5 queenscliff -8%
%8S 4 Port Phillip Bay 6 west channel pile -41%
2 ) Gippsland Lakes 7 hovell pile -26%
38.2° .6 8 williamstown -21%
’ 35 37.8° 10 9 western port +14%
.7 9 37.9°8 10 lakes entrance -12%
38°S
38.4°S Western
Port 38.1°S
1 40
147.55°E 147.85°E 148.15°E %
38.6°S "The Rip" (~3 km) 20 =
0 %)
o
Ko
38.8°S 8
o
-20

144°E 14425°E  144.5°E  144.75°E 145°E 145.25°E  145.5°E

Extended Data Fig. 4: The regime limit up close. Gauges of the Oceania rotation (median run) around Port Phillip
Bay, Western Port, and the Gippsland Lakes, numbered west to east with per-gauge pooled skill listed at right.
Open-coast gauges (Lorne, Point Lonsdale, Western Port) are positive; every gauge inside the narrow-mouthed
enclosures is negative in all three clean runs.
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training network: 760 gauges, median 36 yr of surge record (forcing joins from 2000)
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Extended Data Fig. 5: The training network: 760 gauges coloured by quality-screened surge record length (median
36 yr; the forcing join begins in 2000). Europe and Japan are dense with half-century records, while Africa and
South America contribute few and short records, which is also where zero-shot forecasts have the fewest regime
analogues to draw on.
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Supplementary Information
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Supplementary Fig. 1: The two regions where non-marine gauges cluster, with the same encoding as Fig. 1a plus
domain markers (crosses = lake, river, or estuary gauges; colour gives the role). (a) Great Lakes and St Lawrence:
crosses on the river are the fluvial reach above the head of tide at Portneuf (tidal range 0.01 to 1.9 m), including the
primary test gauge Varennes, which stays in the primary set as registered; the uncrossed gauges at and seaward of
Portneuf are the macrotidal lower estuary (ranges 4.0 to 6.0 m) and are retained as coastal. (b) Northwest European
estuaries: the Elbe, Ems, and Loire chains, the Rhine-Meuse tidal rivers, and one Dutch inland waterway. Of the
62 crossed training gauges, the 54 in the Great Lakes, on the St Lawrence from Lac Saint-Pierre to Deschaillons,
and on the Dutch inland waterway were removed in the marine-only ablation (Methods); the four between Lake
Ontario and Montreal and the four Rhine-Meuse gauges were not. Three isolated non-marine sites are not shown:
the Sacramento delta and Columbia River gauges (out-of-domain test) and the Antarctic ice-shelf station.

Out-of-domain gauges. The sixteen pre-registered gauges relabelled out of domain (five Great-Lakes, one
Antarctic, ten estuary, river, weir, or lake sites) were evaluated separately with the delivered model (15 of 16
pass the joined-hours minimum; all windows). The model beats persistence on 14 of 15 (pooled +37%, @8h +34%,
storm per-lead +32 to +42%, q99 envelope 0.88), confirming that their exclusion from the primary set reflects
domain definition, not performance.
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Supplementary Fig. 2: Twelve unselected forecast windows: random marine test gauges (continent-stratified, seed
0), random issue times, no selection criterion. Observed surge (black), point forecast (blue), q90 to q99 envelope
(shaded), persistence (dashed), 24 h of context left of the vertical line. Envelopes stay narrow in calm conditions,
moderate events are tracked, and the failure modes (noisy semi-enclosed harbours, remote islands) are visible.
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Supplementary Table 1: Reported metrics, definitions, and implementation sections of scripts/eval_full.py.
All statistics are computed per gauge and averaged across gauges unless noted (high-water-hour skill pools hours
across gauges and is therefore window-count-weighted); all thresholds (p99, p99.5, p99.9) are per-gauge percentiles

of the hourly surge distribution over that gauge’s full test record.

Metric Definition Script section

Per-lead RMSE / MAE / skill Eq. (5); skill from gauge-averaged model against persis- [A]
tence RMSE

Pooled RMSE / skill Eq. (6) over ¢ < 48, then as in Eq. (5) [A]

NNSE 1/(2 — NSE), per gauge at fixed lead, averaged [A]

Event-window RMSE RMSE restricted to 48-h windows containing surge > [B]
threshold

High-water-hour RMSE RMSE restricted to hours with y > threshold [B]

Peak bias / MAE / capture At true peak hour of each p99.9 window; capture per [B]
Eq. (7)

Per-lead skill in events Eq. (5) on squared errors pooled over all p99.9 windows [B]
across gauges

Peak capture by lead position Eq. (7) stratified by peak lead bucket (1-6, 7-12, 13-24, [C]
25-48 h)

Coverage (overall / tail) Eq. (8) D]

Sharpness ratio (199 — 4PV storm hours / calm hours D]

Crossing rate Pr(g(1%9 > §(299) D]

Uncertainty Spatial-block bootstrap over eleven ocean regions (4,000 post-hoc
resamples; Methods)

Window continuity Windows whose 256 rows are consecutive hours (primary [W]

set); all windows as sensitivity

Supplementary Table 2: Storm-case real-forecast check: the same model driven by GEFSv12 reforecast control
forcing, against reanalysis (perfect-prognosis) forcing and persistence, on identical 48-h windows for the nine largest
test-gauge storm cases with complete coverage (eight storms; Xaver at two gauges). Issue = the 00 UTC reforecast
cycle 24 to 48 h before the catalogued storm peak; lead = hours from issue to the catalogued peak; peak =
catalogued peak height (inside the window for every storm). RMSE over the 48-h window in c¢m; capture = point
forecast at the true peak hour as a fraction of peak height; q99 = envelope height at the true peak hour as a fraction

of peak height (a value below 1 means the envelope lies under the peak).

Storm (gauge) issue lead h peak cm window RMSE peak capture 99 / peak
rean. GEFS pers. rean. GEFS rean. GEFS
Gudrun 2005 (Esbjerg) 2005-01-07 40 282 52 57 102  0.50 0.37 0.71 0.55
Xaver 2013 (Dunkerque) 2013-12-04 45 229 28 34 68 0.49 050 0.74 0.77
Tke 2008 (Morgans Point) 2008-09-12 29 173 18 63 104  0.79 0.80 1.08 1.12
Xaver 2013 (Viken) 2013-12-05 40 156 36 64 69 0.59 0.19 0.82 0.59
Sandy 2012 (Atlantic City) 2012-10-28 45 151 11 21 63 0.89 0.65 1.26 1.10
Anchorage 2010/11 2010-12-31 31 142 47 49 50 0.0 —-0.01 0.27 0.26
Sandakan 2009 2009-12-14 43 141 56 57 105 0.18 0.17 0.42 0.40
Ballen 2012 2012-02-08 40 131 75 7 76 —0.13 —-0.16 0.09 0.05
Saint-Nazaire 2017 2017-12-10 27 127 10 22 26 0.90 0.71 1.15 094
mean 371 493 73.8 047 036 0.73 0.64
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—— observed surge no data M7+ earthquake outside its rule radius

hours removed by the mask —--=- M7+ earthquake inside its rule radius
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Supplementary Fig. 3: Seismic mask spot checks. Each row is one event. Left: azimuthal equidistant map centred
on the largest M7+ earthquake in the window (cross; orange where the event lies within the rule radius of its
magnitude class from the example gauge, grey otherwise), the rule radius of that class (dotted circle), the split
gauges inside it (orange dots), the other split gauges (grey dots) and the example gauge (blue dot). Right: hourly
surge at the example gauge; shading marks the hours the mask removes, dashed lines mark every M7+ earthquake
in the window with the colours of the map, and the grey bar along the axis marks hours with no data. (a) Tohoku
2011 at Onahama, Japan: the M9.1 mainshock 200 km away triggers the 8,000 km, 168-h class; the tsunami signal
(45 cm) is removed, 105 of the 175 recorded hours are removed (the record has no rows after 13 March 10:00
UTC) and 354 gauges lie inside the radius. (b) Sumatra 2004 at Ko Taphao Noi, Thailand: the M9.1 mainshock
572 km away removes the tsunami oscillation (—51 cm; 138 h removed; 276 gauges inside the radius). (c) Sandy
2012 at Atlantic City, United States: the M7.8 Haida Gwaii earthquake lies 4,556 km away, outside the 3,000 km
radius of its class, so the 151 cm storm peak is retained while 76 Pacific gauges lose hours. (d) Haiyan 2013 at
Cebu, Philippines: no M7+ earthquake in the window; the 42 cm peak is retained. The rule is stated in Methods;
Supplementary Table 3 tabulates the same events and the gauges the mask affects most.
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Supplementary Table 3: Seismic mask: behaviour on four events and the gauges it affects most. The mask removes
hours within graded windows of USGS M7+ earthquakes (M>7.0 within 1,000 km: 72 h; M>7.5 within 3,000 km:
96 h; M>8.0 within 8,000 km: 168 h; Methods). (a) Two tsunamis the mask removes and two storms it leaves
intact. Earthquakes: every M7+ event in the window with its distance to the example gauge; events inside the rule
radius of their magnitude class are in bold. Strongest tier: the magnitude class, radius and duration of the longest
window triggered at the gauge. Hours removed: rows of the gauge’s record inside the mask windows; the count
falls below the nominal span where the record has gaps (Ko Taphao Noi lacks 31 of the 337 hours in its window;
the Onahama record has no rows after 13 March 10:00 UTC in this window, so the rule spans 220 hours but only
175 rows exist, of which 105 are removed). Gauges affected: the number of the 900 split gauges inside the rule
radius of the largest earthquake in the window. Largest surge: the largest absolute surge in the window at the
example gauge and whether the mask removes it. During Sandy an M7.8 earthquake off Haida Gwaii lay 4,556 km
from Atlantic City, outside the 3,000 km radius of its class, so no hour was removed there while 76 Pacific gauges
lost hours; no M7+ earthquake occurred during Haiyan. (b) The sixteen gauges that lose the largest share of their

p99.9 exceedance hours to the mask, with the share and the number of exceedance hours.
a

Hours Gauges

Event Example gauge M7+ earthquakes in the window Strongest tier removed affected Largest surge
(fold) (distance to the gauge) triggered at the in the window
gauge
Tohoku Onahama, 9 Mar 02:45 M7.3, 239 km; MS8.0+: 8,000 105 354 45 cm,
2011 Japan (test) 11 Mar 05:46 M9.1, 200 km; km, 168 h removed

11 Mar 06:15 MT7.9, 76 km,;
11 Mar 06:25 M7.7, 349 km

Sumatra Ko Taphao Noi, 23 Dec 14:59 M8.1, 8,785 km; 26 M8.0+4: 8,000 138 276 —51 cm,
2004 Thailand Dec 00:58 M9.1, 572 km; 26 km, 168 h removed
(train) Dec 04:21 M7.2, 612 km
Sandy Atlantic City, 28 Oct 03:04 M7.8, 4,556 km none 0 76 151 cm, kept
2012 United States
(test)
Haiyan Cebu, none none 0 0 42 cm, kept
2013 Philippines
(train)
b
Gauge Fold p99.9 exceedance hours removed Exceedance hours
Vung Tau, Vietnam train 45% 145
Veracruz, Mexico test 25% 142
Rough and Ready Island, United States train 20% 177
Port Vila, Vanuatu train 20% 219
Nouméa, New Caledonia (France) test 15% 129
Pago Bay, Guam (United States) train 13% 129
Nagasaki, Japan test 13% 298
Kahului, United States train 13% 552
Pointe-a-Pitre, Guadeloupe (France) train 12% 180
Trident Pier, United States train 12% 232
Port Chalmers, New Zealand train 11% 203
Onahama, Japan test 11% 459
Cabo San Lucas, Mexico train 11% 216
Esashiko, Japan train 11% 304
Virginia Key, United States train 10% 239
Daugavgriva, Latvia train 10% 107
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