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Abstract

Extreme coastal water levels develop across several gauges during the same event, but the predictive
value of a network depends on whether stations carry a shared atmospheric response or time-ordered
information. We introduce CoastRelay, a recurrent graph framework that centres station states and
represents lag-aligned gauge information and pairwise atmospheric forcing as separate inputs to a
shared gated recurrent unit (GRU) forecast. Across the Thames—Southern North Sea, Charleston, and
Gulf/Galveston networks, these inputs are combined in four otherwise identical graph configurations
and evaluated for total water level and 95th-percentile (q95) mean absolute error over three random
initialisations. The analysis reveals a regional complementarity regime: in the Thames—Southern
North Sea, the joint representation adds upper-tail information beyond either single component, with
an event-weighted 95 interaction of —0.0036 m (95% confidence interval, [—0.0069 m, —0.0003 m]).
This finding shows that cross-gauge coupling is most useful when lag-aligned water-level states and
spatial atmospheric contrasts describe distinct parts of the same high-water event. CoastRelay provides
a basis for choosing network information pathways when extending coastal water-level forecasting to
new gauge systems.

Keywords: coastal water-level forecasting; storm surge; multi-gauge learning; recurrent graph model;
atmospheric forcing; extreme events

1 Introduction

Coastal water-level forecasts support flood preparedness, port operations, and navigation. A gauge record
combines astronomical tide, local persistence, atmospheric pressure and wind response, and information
shared with other gauges through the geometry and timing of the coastal system. During a high-water
event, several gauges may respond to the same atmospheric disturbance, while a change at one station may
precede a related change at another. These two forms of cross-gauge dependence carry different predictive
content, and a useful network model should be able to examine them separately.

Multi-station neural models have improved water-level and storm-surge prediction in estuarine, coastal,
and typhoon-affected waters [1-5]. Graph recurrent and attention models represent station relations through
fixed, adaptive, or state-dependent connections [6—9], while atmospheric predictors supply information
about the evolving disturbance [10, 11]. The usual multi-station comparison, however, changes several
sources of information at once. It therefore leaves open whether an apparent graph benefit comes from
synchronous station states, lag-aligned gauge states, pairwise atmospheric contrasts, or their combination.

This study asks whether lag-aligned gauge information and pairwise atmospheric forcing provide
non-redundant predictive information after local station dynamics have been represented. Tide—surge
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Figure 1: Method overview. Gauge residuals and bathymetry-derived water-path distances define the
directed lag matrix and distance prior. At each issue time, the shared recurrent encoder produces local
residual forecasts and station hidden states. Across-station centring subtracts the mean latent state before
lag-aligned sender states, pairwise atmospheric forcing, and the distance prior enter graph attention. The
graph contribution is bounded by the local error scale and combined with the local residual forecast and
deterministic tide to obtain total water level.

interaction alters the timing and magnitude of North Sea extremes [12], while pressure, wind, tide, and
coastal setting shape extreme water levels across the North Atlantic and Gulf of Mexico [10, 13, 14]. We
expect the joint representation to be most informative in a network that contains both persistent nonzero-lag
relations and spatially varying atmospheric conditions during high-water events.

We introduce CoastRelay to examine this question within one recurrent graph framework. A shared
gated recurrent unit (GRU) encodes the local station history; centred station states provide the graph state,
selected sender states enter at empirical lags, and ordered receiver—sender atmospheric features adjust the
graph exchange. Four graph configurations combine zero-lag or lag-aligned exchange with the presence
or absence of pairwise forcing, while the local forecast, graph structure, correction rule, and training
objective remain unchanged across the three networks. Persistence and the station-wise recurrent forecast
provide additional references. Figure 1 summarizes the forecasting workflow.

The central result is a regional complementarity pattern. In the Thames—Southern North Sea, lag-
aligned gauge information and pairwise atmospheric forcing contribute distinct upper-tail information
when used together. The three networks then provide contrasting settings in which to assess how this
information relationship changes with the observed lag structure and atmospheric contrast. The primary
upper-tail endpoint is the 95th-percentile (q95) event error, supported by total-water accuracy, detection,
and lead-time profiles.

2 Study regions and data

2.1 Regional gauge networks

The three regional datasets cover 2015-2024 and use a common six-hour issue interval. The Thames—
Southern North Sea network contains six gauges from the southern North Sea and adjacent English
coast: Cromer (CRO), Newhaven (NEW), Immingham (IMM), Sheerness (SHE), Portsmouth (POR), and
Dover (DOV). Charleston contains seven National Oceanic and Atmospheric Administration Center for
Operational Oceanographic Products and Services (NOAA CO-OPS) gauges extending from Wilmington
through Charleston and the southern Atlantic coast. Gulf/Galveston contains eight NOAA CO-OPS gauges
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Figure 2: Geographic overview and regional network context. Panel A locates the three study systems.
Panels B-D show station coordinates, Natural Earth 1:10m coastline and land polygons, and the complete
distance-weighted directed graph. Pale lines show all directed non-self pairs. For each receiver with at
least one positive-delay incoming pair, the coloured arrow marks the pair with the largest absolute Pearson
association estimated from the training residuals. Thames labels are CRO (Cromer), NEW (Newhaven),
IMM (Immingham), SHE (Sheerness), POR (Portsmouth), and DOV (Dover); the C1-C7 and G1-G8
labels are defined in Appendix Table Al.



spanning the Galveston area and the northern Gulf. The compact C1-C7 and G1-G8 labels used for the
NOAA stations are defined with their station names and identifiers in Appendix Table Al. Table 1 gives
the date ranges and forecast design; Figure 2 and Appendix Table A1l use the station ordering applied
throughout the analysis.

Table 1: Regional data and forecast design. GESLA denotes Global Extreme Sea Level Analysis, and
NOAA CO-OPS denotes the National Oceanic and Atmospheric Administration Center for Operational
Oceanographic Products and Services. All dates are Coordinated Universal Time (UTC). An issue cycle is
a complete 96-h history paired with its 72-h forecast target at one six-hour forecast origin. The edge count
is the number of directed non-self pairs in the graph.

Thames—Southern North Sea Charleston Gulf/Galveston
Water-level source GESLA Version 4.0 NOAA CO-OPS NOAA CO-OPS
Gauges 6 7 8
Period 2015-2024 2015-2024 2015-2024
Complete issue cycles before boundary separation 6999 13861 12704
Issue cycles excluded at split boundaries 48 24 24
Train / validation / test issue cycles 55877676/ 688 11069 / 1383 / 1385 10144 /1268 / 1268
History / horizon (h) 96/72 96 /72 96/72
Issue stride (h) 6 6 6
Chronological split 8:1:1 8:1:1 8:1:1
Training dates (UTC) 2015-01-05 to 2021-11-22  2015-01-14 to 2023-01-30  2015-12-25 to 2023-03-29
Validation dates (UTC) 2021-11-28 t0 2022-06-09  2023-02-03 to 2024-01-14  2023-04-02 to 2024-02-12
Test dates (UTC) 2022-06-15 to 2024-09-09  2024-01-17 to 2024-12-28  2024-02-16 to 2024-12-28
Boundary embargo (h) 72 72 72
95th-percentile (q95) event clusters in paired 13 11 15
analysis
99th-percentile (q99) event clusters in paired 6 7 6
analysis

Missing values in included windows none none none
Gauge quality control GESLA flags NOAA CO-OPS flags NOAA CO-OPS flags
Directed non-self graph pairs 30 42 56

2.2 Water-level observations, tide, and atmospheric fields

The six Thames observations are drawn from the Global Extreme Sea Level Analysis (GESLA) Version
4.0 release, accessed on 2 August 2026 [15, 16]. Station-specific gauge datum metadata and the provider
quality-control fields are preserved before the regional timeline is formed. Charleston and Gulf/Galveston
use station observations and metadata from NOAA CO-OPS [17, 18]. Source timestamps remain in
Coordinated Universal Time, and the experiment uses complete windows containing native gauge histories,
targets, deterministic tide, and issue-time forcing at every included station.

The target used for model fitting is the non-tidal residual

it = Yi,t — Ti,t, (D

where y; ; is the observed water level and T; ; is the deterministic tide at station i. For the NOAA regions,
T; ; is the official station tide prediction supplied by NOAA CO-OPS. For Thames, the deterministic tide is
obtained from a harmonic fit to the chronological training period with an intercept, linear trend, and the
constituents M2, S2, N2, K1, O1, P1, Q1, and M4:

Ti: = Pio+ Bit+ Z [a: k cos(wit) + b x sin(wit)] . (2
keK

The tide is used as an auxiliary future feature and is added back to the residual prediction for total-water
metrics. Source datum information is preserved at station level: the Thames residual follows each gauge’s
official source datum, while the NOAA regional panels use mean sea level metadata.

Atmospheric information comes from the fifth-generation European Centre for Medium-Range Weather
Forecasts reanalysis (ERAS) [19, 20]. The four forcing channels are the 10-m eastward and northward



winds u1o and v in ms™', mean-sea-level-pressure anomaly in Pa, and wind-stress magnitude in Pa

(Nm~2). The hourly ERAS5 fields remain on their native 0.25° grid. Each station is assigned its nearest
grid cell, and the values valid at the corresponding issue time enter the model. The pressure anomaly is
measured relative to the training-period mean at that grid cell. Wind-stress magnitude is calculated as

Tw = paCp (ufo + V%O), pa=1225kgm™, Cp=13x107", 3)

This study is a historical hindcast using ERAS fields valid at each forecast issue time; no atmospheric
fields after that time enter the model. The processed atmospheric fields preserve their physical units.
Before entering the pair-forcing encoder, each forcing channel is standardized within region using the
training-period mean and standard deviation across all stations and issue cycles. The transformation is

iry fr,t,c - /Jgaci‘n
fr,t,c = T _tain° (4)

Or.c

and the pair feature is [f;t, fj,t, f:-’t - f;,,]. The same training statistics are used for validation and test
issue cycles. This region-level transformation preserves the relative atmospheric contrast between stations
while placing the four channels on a common scale. A constant positive rescaling of the wind-stress
channel, such as a change in the drag coefficient, cancels analytically in Eq. 4 and leaves the standardized
pair feature unchanged.

The geographic background uses Natural Earth 1:10m coastline and land polygons [21]. Water-path
distances used by the graph prior are derived from a General Bathymetric Chart of the Oceans (GEBCO)
2026 elevation grid [22]. The bathymetry is converted to an ocean mask, aggregated to the regional
construction grid, and used in an eight-neighbour water-path calculation. All directed non-self station
pairs remain in the mask, and bathymetry-derived distance sets the prior weight.

2.3 Chronological sampling and event definition

Each issue cycle contains a 96-h history and a 72-h target horizon. Issue cycles are spaced by six hours.
The records are split chronologically into training, validation, and test periods in an 8:1:1 ratio, with a 72-h
boundary separation. This separation excludes 48 issue cycles in Thames and 24 in each United States
region; the resulting dates and partition counts are listed in Table 1. Tide parameters, pressure reference
values, lag estimates, graph priors, thresholds, and correction scales are estimated from the training period.

The shorter analysed period in the Thames reflects gaps in which at least one of the six gauge records
does not span a complete 96-h history and 72-h target window. Table 1 reports the available issue cycles
before boundary separation and the separate number removed at split boundaries.

Station-specific 95th- and 99th-percentile thresholds (q95 and q99) are calculated from total water level
in the training period, following established treatment of extreme still-water levels in coastal studies [23].
Unique hourly exceedance times are grouped into event clusters when successive exceedance times are
separated by no more than 48 h; the cluster peak defines the event time. Forecast windows sharing an event
identifier are aggregated within one event-level comparison, including overlapping six-hour issue cycles.
The paired estimator retains only clusters with complete predictions for all four graph configurations.
The full Thames test catalogue contains 13 q95 and 7 q99 clusters; the paired interaction table contains
13 95 and 6 q99 clusters because one q99 cluster lacks complete route coverage. q99 is reported as a
complementary upper-tail metric because its effective event sample is smaller in the resampling analysis.

3 CoastRelay methodology

3.1 Local recurrent forecast

The model receives six history channels at every station: residual water level, residual first difference,
deterministic tide, tide first difference, observed water level, and observed-water-level first difference.



Water-level channels are expressed in metres, and the forcing representation is defined in Section 2.2.
Let x; ;—r+1.+ denote the six-channel history for station i. A shared one-layer gated recurrent unit (GRU)
encodes this sequence according to the standard PyTorch formulation [24]; the complete recurrence and
numerical model settings are given in Appendix B.1 and Appendix Table A2. All analysed histories and
targets are complete, and no target values are interpolated.

Leth;, € R4 be the final recurrent state and T, it+lt+H € RH the deterministic future tide. The local
head concatenates these vectors and produces all residual leads in one pass:

~~local . Hx(dp+H
ri,t+1:t+H = Wlocal[hi,t,Ti,t+1:t+H] + blOC&la Wiocal € R (h >- (5)

Each lead has its own output weights. The local recurrent component is fitted once for each regional
initialisation before the four graph configurations are optimized against the same local forecast.

3.2 Common-response centring

At each issue time, the hidden states are centred across the stations. The common latent response is
1 -
M= D ki hig=hig =BT (©6)
i=1

The same centring operation is applied to the historical hidden states used for delayed lookup. The graph
branch receives a station-relative state while the local forecast retains the raw recurrent state.

3.3 Graph prior and directed lag lookup

The study graph uses a receiver-by-sender hard mask M;;, where M;; = 1 denotes an admissible pair and
J is the sender to receiver i. All diagonal entries are zero. The distance prior is
max(d,;, 0)) ’ 10_6} ’

(7

a;j = M;; max [exp (— 200 km

where d;j is the GEBCO-derived water-path distance. Row normalization and conversion to a log attention
bias give

aij
max (Y aik, 1078)

bij = log

max ( , 10—6)} . b;jj =-10° when M;; = 0. ®)

Directed lag estimates are calculated from training residuals. For receiver i, sender j, and candidate
lag set £ = {0, 6,12, 18,24} h, the lag score is

cij(£) = cOortygin (ri (1), (t = 0)), 7;; = argmax |c;;(£)]. 9
el

The model receives the lag matrix in receiver-row/sender-column form; receiver i reads the centred sender
state hj ;. Figure 4 shows all pairwise delay and lag-association values in the same orientation.
3.4 Ordered pair forcing and attention

Let ﬁ ¢ denote the four-channel standardized forcing vector defined in Eq. 4. The ordered pair forcing is
fij,t = ﬁ,t’ .fj,l‘a ﬁ,t - .i;',t . (10)

It has twelve channels and changes when the receiver and sender are exchanged. A multilayer perceptron
maps this vector to a scalar adjustment of the attention score. The centred current state is regularised
before entering the graph branch using the dropout setting in Appendix Table A2,

hi: = D(hi,), (11)



where O denotes the dropout operator. The attention score is

or = Q(ili,t)TK(Ej,t—Tij)
i Vd

where dj, is the hidden-state dimension. The matched base and Delay-only configurations set the pair-
forcing term to zero. Pair-forcing-only retains the same dynamic state attention and uses 7;; = 0 for every
pair.

The distance mask removes self-connections and identifies the admissible receiver—sender pairs. The
attention weights and message are

+bij+go(fije) (12)

Qjjr = SOftman (eij,t;Mij) , (13)

Gii =) @ijV (i), (14)
J

gi. = GRUCell(g; 1, h; ;). (15)

The query, key, and value projections operate in the attention space specified in Appendix Table A2. The
dropped current state enters both the query projection and the graph-state update; the delayed history
states remain centred and undropped.

3.5 Bounded residual correction and training loss

The correction head concatenates the local state, graph state, and local forecast and produces one raw
correction for each forecast lead:

A err = Wa 8 (Wil 80 P ] + 1) + o, (16)

i,t+1:t+H

where ¢ is the activation specified in Appendix Table A2. The station-and-horizon correction scale is the
90th percentile of the absolute local forecast error in the training period:

~local
ci,n = Q0.90 ( Tierh = Tigeh ) : (17)
The final residual and total-water forecasts are

graph _ raw
AL = i tanh (AT ), (18)

= _ =local graph
Fiath = Tiggn + A7 (19)
371',1‘+h =T t+n + ?i,t+h- (20)

The training objective is the valid-position mean squared residual error plus a tail-weighted mean
squared error:
—~ 2 1 -~ 2
Z (Fieeh = Tijpn) ™ + /ltailm Z (Tit4h = Tie+n) s (21)
(i,t,h)eV S (i1, m)eVys

_ L

L
V|

where V contains all station, origin, and lead positions in the mini-batch, ‘Vys contains positions whose
total-water target exceeds the station-specific q95 threshold, and A,j = 0.1. The second term is zero for a
batch containing no q95 exceedance.

3.6 Four graph configurations

Table 2 summarizes the scientific role of each configuration. Persistence carries the latest residual through
the horizon and restores the future tide,

—~pers _
it+h —

Tiven+riss  h=1,...,72. (22)



Local-GRU is the station-wise recurrent forecast. The four graph configurations share the same recurrent
encoder, dynamic attention, common-response centring, distance prior, and bounded correction. The
two experimental settings are the lag lookup and the pair-forcing term. For each region and random
initialisation, all four configurations use the same fitted Local-GRU checkpoint and the same initialisation
of the shared graph parameters.

Table 2: Forecast configurations and the component comparison addressed by each one.

Configuration Directed delay ~ Pair forcing Common mode  Dynamic attention ~ Correction ~ Role

Persistence - - - - - Recent local-state reference

Local-GRU - - - - - Station-wise recurrent
reference

Matched base Oh - yes yes bounded Graph reference with
simultaneous exchange

Delay-only Tij - yes yes bounded Lag-aligned inter-gauge
component

Pair-forcing-only Oh yes yes yes bounded Ordered atmospheric
component

CoastRelay Tij yes yes yes bounded Joint representation of the

two components

4 Experimental design and evaluation

Each regional model variant is fitted from the same three random initialisations. The optimizer, learning
schedule, batch size, stopping rule, and gradient handling are listed in Appendix Table A2. Optimization
stops after the stated validation patience, and the checkpoint with the lowest validation loss is evaluated
on the test period. The regional split, station order, history, horizon, and loss are identical across
configurations.

Overall performance is measured by root mean squared error (RMSE) and mean absolute error (MAE)
for total water level. Extreme-water performance is summarized with q95 and q99 MAE and the point-level
F1 (F-measure) score; the precision, recall, and F-measure terminology follows standard classification
definitions [25]. The threshold is station-specific and comes from the training total-water distribution.
Figure 5 reports RMSE and q95 MAE by lead time at 6, 12, 24, 48, and 72 h.

For issue cycle o, station i, and lead &, let e; o, = Yi.0.n — Yi.o.n denote the total-water error. Over
the valid positions V,

1/2
1
RMSE = | >elon] (23)
(i,0,h) €V
1
MAE = T Z leionl. (24)
(i,0,h)eV

For quantile g € {0.95,0.99}, let 'V, = {(i,0,h) € V : yi o.n = 6 4}, Where 6, , is the station-specific
training-period total-water threshold. The pooled tail error is

1

MAE, = D0 leionl. (25)
9" (i,0,h) eV,

The corresponding point-level F1 score is

2TP,

Fl, = :
4~ 2TP, + FP, + FN,

(26)

where a positive observation satisfies y; ., > 6; 4 and a positive forecast satisfies y; o, > 6; 4. Thus
q95/999 MAE uses target-exceedance positions, whereas q95/q99 F1 classifies every valid issue-cycle,



station, and lead position. The pooled metrics retain the six-hour issue origins; event identifiers are used
to aggregate the paired event effects in Eq. 27, so overlapping forecasts from the same event receive one
event-level contribution.

For a candidate configuration m and a reference configuration b, the event-weighted paired effect is

v

S E
1 1
Dos(m.b) = 5 D 5 Z; [MAEss ¢ s (m) ~ MAEss ¢ ()] @7)

s=1

[

where s indexes the three random initialisations and e indexes q95 event clusters. A negative value
indicates lower event-weighted tail error for the candidate. Confidence intervals are obtained from 2,000
hierarchical resamples over random initialisation and event cluster, following standard bootstrap practice
for environmental time series [26, 27]. The pooled q95 MAE first pools all valid target-exceedance
positions within a random initialisation, whereas Eq. 27 first averages within each event and then gives
equal weight to events and random initialisations.

The joint interaction for tail quantile g is

I, = E,(CoastRelay) — E, (Delay-only) — E, (Pair-forcing-only) + E,(Matched base), (28)

where E, is the event-weighted tail MAE. A negative value indicates an additional error reduction
when lag-aligned gauge information and pairwise forcing are combined. The interaction uses the same
hierarchical resampling as the direct paired effects.

5 Results

5.1 Opverall performance and tail behaviour

All four graph configurations reduce RMSE relative to Local-GRU in each network, while the clearest
separation in q95 performance occurs in the Thames—Southern North Sea (Table 3). Values are the mean
and standard deviation over three random initialisations; Persistence is deterministic and is reported as a
single value. The comparison also shows that overall accuracy and upper-tail accuracy can favour different
references, particularly in Gulf/Galveston.

In the Thames—Southern North Sea, CoastRelay has the lowest 95 MAE (0.142 m) and the highest
q95 F1 among the four graph configurations. Its q95 MAE is lower than Delay-only (0.148 m) and the
standardized Pair-forcing-only configuration (0.144 m). Pair-forcing-only has the lowest mean overall
RMSE (0.208 m), while CoastRelay is 0.209 m and has the lowest 99 MAE (0.147 m). The joint model’s
clearest gain is therefore concentrated in the upper tail.

Charleston’s four q95 MAE values lie between 0.080 m and 0.082 m, with the zero-lag base at the
lowest mean. Gulf/Galveston also has a compact q95 range, from 0.122 m to 0.124 m; the standardized
CoastRelay configuration has the lowest mean 95 MAE, while the joint interaction remains close to zero.
These close rankings are resolved by the paired interaction estimates in Table 4.

5.2 Paired tail effects

The paired comparison identifies an additional q95 reduction from combining lag alignment and pair
forcing in the Thames—Southern North Sea (Table 4). With standardized forcing inputs, CoastRelay lowers
event-weighted q95 error by 0.0027 m relative to Pair-forcing-only. The q95 interaction is —0.0036 m,
with a 95% interval of [—-0.0069 m, —0.0003 m].

The corresponding effects are small in Charleston and Gulf/Galveston, and both interaction intervals
include zero. Their single-component and joint configurations therefore remain closely grouped under the
event-weighted q95 comparison.

At the event level, CoastRelay has a lower q95 error than the better single-component configuration
in 7 of the 13 Thames events. The median effect is —0.46 mm, and the largest event-level reduction is
—19.57 mm (Appendix Figure A1).



Table 3: Test-period performance averaged over three random initialisations. Pairwise atmospheric
forcing uses region—channel training standardization. Graph-stage values are mean + standard deviation;
Persistence is deterministic and is reported as a single value. Lower is better for RMSE and q95/q99 MAE;
higher is better for q95/q99 F1.

Region Configuration RMSE (m) MAE (m) q95 MAE (m) q95 F1 q99 MAE (m) q99 F1
Thames—Southern North Sea  Persistence 0.455 0.352 0.318 0.608 0.301 0.363
Local-GRU 0.225 +£0.002  0.170 £ 0.001  0.155+0.001  0.774 £ 0.004  0.165 +0.005  0.603 + 0.005
Matched base 0.209 £ 0.002  0.156 £ 0.001  0.147 £0.001  0.787 £0.003  0.159 +0.003  0.622 + 0.009
Delay-only 0.210 £ 0.000  0.158 £ 0.000  0.148 £ 0.000  0.786 £ 0.002  0.162 +0.003  0.613 + 0.003
Pair-forcing-only ~ 0.208 £ 0.001  0.156 +£ 0.000  0.144 £ 0.000  0.792 +£ 0.001  0.150 £ 0.005  0.634 + 0.012
CoastRelay 0.209 £ 0.001  0.156 £ 0.000  0.142 £ 0.001  0.795 +0.003  0.147 +0.002  0.629 + 0.002
Charleston Persistence 0.215 0.166 0.167 0.598 0.182 0418
Local-GRU 0.114 £ 0.000  0.084 +0.000  0.081 +£0.001  0.774 £ 0.001  0.096 +0.002  0.682 + 0.002
Matched base 0.112 £ 0.000  0.082 +0.000  0.080 +0.001  0.778 £0.001  0.095 +0.002  0.691 + 0.001
Delay-only 0.112 £0.000  0.082 +0.000  0.080 +0.001  0.777 £0.001  0.096 + 0.002  0.690 + 0.002
Pair-forcing-only ~ 0.112 +0.000  0.082 +0.000  0.082 +0.000  0.778 £ 0.001  0.099 + 0.001  0.685 + 0.002
CoastRelay 0.112 £0.000  0.082 +0.000 0.081 £0.001  0.778 £ 0.001  0.099 + 0.002  0.683 + 0.002
Gulf/Galveston Persistence 0.137 0.090 0.129 0.658 0.178 0.490
Local-GRU 0.118 £0.001  0.078 £0.001  0.131 £0.004 0.652+0.011  0.205 +0.009  0.474 + 0.024
Matched base 0.116 £ 0.000  0.076 £ 0.000  0.124 £ 0.003  0.673 +0.006  0.193 +0.007  0.502 + 0.016
Delay-only 0.116 £ 0.001  0.076 £ 0.000  0.123 £0.002  0.673 £0.005 0.193 +£0.005 0.499 +0.014
Pair-forcing-only ~ 0.115 +£0.002  0.076 £ 0.001  0.124 £ 0.003  0.675 £ 0.008  0.194 + 0.007  0.498 + 0.016
CoastRelay 0.115+£0.001  0.076 £ 0.001  0.122 £0.003  0.677 £ 0.007  0.191 +£0.007  0.505 + 0.016

Table 4: Paired q95 comparisons from 2,000 hierarchical random-initialisation/event-cluster resamples
with standardized forcing inputs. The CoastRelay comparison with the single-component configuration
having the lower pooled q95 MAE is descriptive; the joint interaction is the primary inferential contrast.
The interaction is CoastRelay — Delay-only — Pair-forcing-only + Matched base. Negative values indicate
lower event-weighted q95 error. Event counts are constant across the three random initialisations within
each region.

Region Comparison Effect (m)  95% interval low (m)  95% interval high (m)  Random initialisations  Event clusters
Thames—Southern North Sea  CoastRelay — Pair-forcing-only -0.0027 -0.0052 -0.0005 3 13
Joint interaction -0.0036 -0.0069 -0.0003 3 13
Charleston CoastRelay — Delay-only -0.0001 -0.0012 0.0010 3 11
Joint interaction -0.0012 -0.0032 0.0008 3 11
Gulf/Galveston CoastRelay — Delay-only -0.0012 -0.0031 0.0006 3 15
Joint interaction -0.0011 -0.0031 0.0007 3 15

Table 5: Regional signal diagnostics. The nonzero-delay proportion is the fraction of directed non-self
pairs with a selected delay above zero. Median nonzero delay is calculated only over pairs whose selected
delay is greater than zero. Mean absolute lag correlation is averaged over all directed non-self pairs.
Forcing contrast is the mean Euclidean receiver—sender contrast across forecast origins associated with q95
events after each forcing channel is scaled by its training-period standard deviation. Joint gain is the best
single-component 95 MAE minus the CoastRelay q95 MAE; positive values favour the joint configuration.
The primary model results use the standardized forcing representation described in Section 2.2.

Region Nonzero-delay pairs ~ Median nonzero delay (h) ~ Mean |c;;|  Forcing contrast  Issue cycles linked to q95 events  Joint gain (m)
Thames—Southern North Sea 56.7% 6 0.356 0.458 505 +0.0016
Charleston 4.8% 24 0.738 0.582 1147 -0.0015
Gulf/Galveston 35.7% 6 0.744 0.511 850 +0.0009
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5.3 Regional signal diagnostics

Thames has the broadest nonzero-delay coverage and a positive pooled gain over its better single-component
configuration (Table 5). Charleston combines strong lag correlations with very few nonzero selected
delays, so most graph messages remain synchronous. Gulf/Galveston has broader nonzero-lag coverage
and a substantial forcing contrast; its standardized joint @95 mean is close to the single-component values,
and the interaction interval includes zero.

5.4 Observed event context and lag structure

The event examples show close tracking of the oscillatory Thames response and tighter grouping of the
model trajectories in Charleston and Gulf/Galveston (Figure 3). At Immingham, the trajectories follow the
observed peaks and the joint configuration remains near the upper-tail threshold. Wrightsville Beach has a
smaller total-water range and closely grouped predictions. At Morgans Point, the model variants capture
the regular component but remain more tightly grouped than the observation during the final rise.

Figure 4 displays the full receiver-by-sender lag matrices and their absolute correlation magnitudes.
The selected values are discrete because the lag search evaluates 0, 6, 12, 18, and 24 h. The Thames matrix
includes several nonzero delays distributed across the station order, whereas Charleston and Gulf/Galveston
contain many zero-hour entries alongside a smaller number of positive delays. Figure 2 highlights one
positive-delay incoming pair per receiver; Figure 4 shows every matrix entry.
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Figure 3: Representative test-period q95 event responses. The examples are 21 March 2023 00:00 UTC
at Immingham, 13 November 2024 12:00 UTC at Wrightsville Beach, and 5 July 2024 18:00 UTC at
Morgans Point. Panels A, C, and E show the regional coastline, gauge locations, and ERA5 10-m wind

vectors at the selected issue time. Panels B, D, and F show observed total water level in metres and mean

predictions across three random initialisations. Thames water levels retain the station-specific official
gauge datum; NOAA records use mean sea level. Shaded bands indicate one standard deviation for the
graph configurations, and dashed lines mark station-specific q95 thresholds.
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Figure 4: Directed lag structure for the three regional networks. For each receiver—sender pair, the selected
delay maximizes the absolute Pearson association of training-period residuals over 0, 6, 12, 18, and 24
h. Panels A—C show the selected delays with receiver rows and sender columns; Panels D-F show the
corresponding association magnitudes. Diagonal entries are omitted. In the Thames panels, CRO denotes
Cromer, NEW Newhaven, IMM Immingham, SHE Sheerness, POR Portsmouth, and DOV Dover; the
C1-C7 and G1-G8 labels are defined in Appendix Table Al.

5.5 Dependence on forecast lead time

Figure 5 shows that all graph configurations have their largest RMSE improvement at the shortest reported
lead. In the Thames—Southern North Sea, the matched base has the largest short-lead improvement, while
Delay-only and CoastRelay remain positive through 72 h. CoastRelay has the highest or near-highest q95
improvement at 24—72 h. Charleston has a smaller and steadily declining RMSE gain, with CoastRelay
below the Matched base and Delay-only curves at longer leads. Gulf/Galveston retains positive RMSE
improvement across the forecast horizon. Under standardized forcing, CoastRelay gives the largest or
near-largest improvement at the middle and longer leads, with Pair-forcing-only remaining close. The q95
curves remain clustered after 48 h.
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Figure 5: Test-period forecast lead-time profiles at 6, 12, 24, 48, and 72 h. Panels A—C show RMSE
improvement of the four graph configurations relative to Local-GRU; Panels D—F show q95 mean absolute
error improvement. For each random initialisation s, improvement is 100( E1ocal-GRU,s —Em.s) / ELocal-GRU s
where E denotes the lead-specific error and m a graph configuration. Positive values favour the graph
configuration. Lines and ribbons show the mean and sample standard deviation, respectively, of the
improvements obtained from three random initialisations.

6 Discussion

6.1 What the separation reveals

The Thames results show how the two cross-gauge inputs acquire joint value. More than half of the
directed station pairs select a nonzero lag, and the pair-forcing component reduces q95 error before
the two components are combined. CoastRelay then has lower q95 error than either single-component
configuration, giving a direct example of upper-tail complementarity. Pair-forcing-only retains the lowest
overall RMSE, whereas CoastRelay has the lowest q95 MAE; the joint benefit is concentrated in the
high-water tail rather than spread uniformly across the error distribution.

The 0-24 h lag grid aligns station states according to their observed lead—lag associations. Water-path
distance and pairwise atmospheric contrasts then organize the contribution from neighbouring gauges
after station states have been centred. The Thames pattern indicates that the gain comes from combining
two distinct predictive views of the same event: the sequence carried by the gauge network and the spatial
contrast in the atmospheric field.

6.2 Regional transfer of the result

Charleston and Gulf/Galveston provide contrasting network settings for this interpretation. Charleston has
strong absolute lag correlations but few selected nonzero lags, so most graph messages remain synchronous.
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Gulf/Galveston has broader nonzero-lag coverage and a substantial station-pair forcing contrast, while the
single-component and joint configurations remain close in upper-tail error. Together, the three networks
show that the value of a joint graph representation is governed by the relationship between lag structure
and atmospheric contrast, rather than by the addition of cross-station inputs alone.

This gives the method a practical use beyond the three study systems. For a new gauge network, the
lag matrix and event-period forcing contrasts can be estimated before model training. Their joint presence
provides a principled reason to retain both information pathways; a network dominated by one pattern can
be represented with the corresponding single component. The resulting diagnostic links model design to
measurable network properties instead of relying on one universal graph architecture.

6.3 Forecast setting and scope

The selected lags are empirical predictive alignments within the three regional networks. The atmospheric
experiment uses issue-time ERAS reanalysis; an operational implementation can supply the same variables
from numerical-weather-prediction fields. The smaller 99 event samples make q95 the primary upper-tail
endpoint, with q99 characterising the most extreme observations. Applying the diagnostic to additional
gauge networks and forecast atmospheric fields will test how widely the identified complementarity pattern
transfers.

7 Conclusions

This study identifies two distinct sources of cross-gauge predictive dependence in coastal water-level
forecasting: time-ordered gauge information and pairwise atmospheric contrast. CoastRelay makes their
contributions explicit within one recurrent graph forecast by centring station states, aligning sender states
with the estimated lag structure, and allowing the ordered atmospheric pair to modify graph attention.

The central scientific finding is that the two sources can be complementary at the upper tail. In the
Thames—Southern North Sea, the joint representation adds q95 information beyond either component alone,
linking the improvement to a network in which nonzero-lag gauge relations and event-scale atmospheric
contrasts coexist. The contrasting regional results show why this distinction matters: the value of a
combined graph input depends on the information carried by the network, not simply on using more
stations or more variables.

For future coastal forecasting systems, the study suggests a simple design sequence. Estimate the
empirical lag structure and the spatial atmospheric contrasts of the target network, then retain joint
graph coupling where both sources describe distinct parts of high-water events. This principle can guide
extension to new gauges and to numerical-weather-prediction forcing while preserving the same local
forecast and evaluation framework.

Data and code availability

The water-level observations and station metadata originate from GESLA and NOAA CO-OPS. Atmo-
spheric fields are from ERAS, and the geographic prior uses GEBCO bathymetry with Natural Earth
coastline vectors. Source data are available from their respective providers. Code and processed data used
in the analysis are available from the corresponding authors upon reasonable request.
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A Station information

Table A1: Stations used in the three regional networks. Longitude and latitude are in decimal degrees.
Coordinates are those used to construct the graph and extract atmospheric forcing. Map labels correspond
to Figures 2 and 4; datum descriptions follow the source metadata.

Region Map label  Station ID Station name Longitude Latitude ~ Source Datum
Thames—Southern North Sea ~ CRO cromer-cro-gbr-cmems Cromer 1.300000  52.933300 GESLA Version 4.0  station-specific official gauge datum
NEW newhaven-new-gbr-cmems Newhaven 0.066670  50.783298  GESLA Version 4.0  station-specific official gauge datum
IMM imingham-imm-gbr-cmems ~ Immingham -0.183330  53.633301  GESLA Version4.0  station-specific official gauge datum
SHE sheerness-she-gbr-cmems Sheerness 0.750000  51.450001  GESLA Version 4.0  station-specific official gauge datum
POR portsmouth-por-gbr-cmems ~ Portsmouth -1.110200  50.800400  GESLA Version 4.0  station-specific official gauge datum
DOV dover-dov-gbr-cmems Dover 1.316670  51.116699  GESLA Version 4.0  station-specific official gauge datum
Charleston Cl1 8665530 Charleston -79.923615  32.780834  NOAA CO-OPS mean sea level
C2 8670870 Fort Pulaski -80.903030  32.034695 NOAA CO-OPS mean sea level
C3 8661070 Springmaid Pier -78.918300  33.655000 NOAA CO-OPS mean sea level
C4 8658120 Wilmington -77.953300  34.226700  NOAA CO-OPS mean sea level
Cs 8658163 ‘Wrightsville Beach -77.786700  34.213306 NOAA CO-OPS mean sea level
Cc6 8720218 Mayport -81.427890  30.398167 NOAA CO-OPS mean sea level
c7 8721604 Trident Pier -80.593100  28.415800 NOAA CO-OPS mean sea level
Gulf/Galveston Gl 8771450 Galveston Pier 21 -94.793300  29.310000 NOAA CO-OPS mean sea level
G2 8771013 Eagle Point, Galveston Bay -94.917250  29.481306 NOAA CO-OPS mean sea level
G3 8775792 Packery Channel -97.236700  27.633300 NOAA CO-OPS mean sea level
G4 8779770 Port Isabel -97.215530  26.061167 NOAA CO-OPS mean sea level
G5 8761724 Grand Isle -89.956700  29.263300 NOAA CO-OPS mean sea level
G6 8771341 Galveston Bay Entrance -94.724724  29.357462 NOAA CO-OPS mean sea level
G7 8773146 Matagorda City -95.913900  28.710000 NOAA CO-OPS mean sea level
G8 8770613 Morgans Point, Barbours Cut ~ -94.985000  29.681667 NOAA CO-OPS mean sea level

B Model settings

Table A2 gives the model and training settings used in the comparison. The four graph configurations
share the same architecture; the two factors control the lag lookup and pair-forcing term.

B.1 Gated recurrent unit equations

For input x, and previous state k,_, the shared encoder follows the PyTorch gated recurrent unit recurrence

2t =0(Wx; + U hi 1 +by), (29)
ur=ocWyx; +U,hi—1 +by,), 30)
n; = tanh(W,x, + b,, + u, © (U, h,_1 + ¢,)), (31)
hi=(1-2z)0n +z; 0 h;y, (32)

where z; and u, are the update and reset gates.

B.2 Atmospheric-input scale sensitivity

The pair-forcing configurations were also evaluated with the atmospheric channels kept in their physical
units. The physical-unit sensitivity runs used the same data partitions, random initialisations, fitted
Local-GRU checkpoints, and the same initialisation of shared graph parameters as the standardized
analysis. The resulting interaction estimates are reported alongside the standardized primary analysis in
Table A3. The regional interpretation is unchanged: Thames remains negative with an interval below zero,
whereas the Charleston and Gulf/Galveston intervals include zero.

B.3 Event-level upper-tail effects

The event-level distribution in Appendix Figure A1 complements the regional average by showing how the
joint representation behaves across the individual Thames q95 events. The calculation uses the existing
predictions from the three random initialisations and the standardized forcing analysis.
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Table A2: Model and training settings used in the three-region comparison.

Item

Setting

History / horizon
Input channels
Forcing channels
Input representation

Scaling transfer

Input windows

ERAS extraction

GRU encoder

Local forecast head

Attention

Pair-forcing multilayer perceptron
Correction head

Graph dropout

Candidate delay set

Delay estimator

Delay orientation

Distance prior scale

Optimizer

Learning rate

Weight decay

Maximum epochs / patience
Dropout

Gradient-norm clip

Tail-loss weight

Batch size

Random initialisations

Local recurrent forecast parameters
Cross-station graph and correction
parameters

CoastRelay total parameters
Bootstrap resamples

96h/72h

residual, residual difference, tide, tide difference, observed level, observed difference
ujo, vip, mean-sea-level-pressure anomaly, wind-stress magnitude
Water-level history in m; forcing channels standardized by region and channel using
training-period statistics

Training means and standard deviations fixed for validation and test partitions
Complete, with no target interpolation

Nearest native 0.25° grid cell; issue-time alignment

One layer, hidden dimension 96, recurrent dropout 0

168 — 72 linear map

One head; Q/K/V : 96 — 96

12 — 96 — 1, Gaussian error linear unit (GELU)

264 — 96 — 72, Gaussian error linear unit (GELU)

0.1 after common-response centring

0,6,12,18,24h

Absolute Pearson correlation over the candidate set

Receiver rows, sender columns

200 km

Adam with decoupled weight decay (AdamW)

3x 1074

1x107*

300/30

0.1

1

0.1

512

3

42,216

117,385

159,601
2,000

Table A3: Sensitivity of the q95 joint interaction to atmospheric-input scaling. The primary analysis uses
region—channel training standardization; the physical-unit values provide a scale-sensitivity comparison.
Negative values indicate additional error reduction from the joint representation.

Region Standardized interaction (m)  Standardized 95% interval (m)  Physical-unit interaction (m)  Physical-unit 95% interval (m)

Thames—Southern North Sea -0.0036 [-0.0069,-0.0003] -0.0070 [-0.0113,-0.0030]
Charleston -0.0012 [-0.0032,0.0008] 0.0003 [-0.0002,0.0007]
Gulf/Galveston -0.0011 [-0.0031,0.0007] 0.0003 [-0.0012,0.0022]
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Improved: 7/13 (53.8%)

Median: -0.46 mm

Largest improvement: -19.57 mm
(03 Jan 2023)

te4 Delay-only Pair-forcing-only

EO01 13 Jun 2022
E02 25 Oct 2022 - —eo—
E03 23 Dec 2022 A ®

E04 03 Jan 2023 -
E05 20 Feb 2023 A

E06 07 Mar 2023

o—
E07 21 Mar 2023 -

EO08 05 Apr 2023 b ® !

Thames q95 event

E09 15 Apr 2023 + —e
E10 07 May 2023
E11 15 May 2023 -
E12 03 Jun 2023 -

E13 16 Jun 2023

-20 -15 -10 -5 0 5 10
CoastRelay - best single-component g95 MAE (mm)

Negative values indicate lower event error for CoastRelay; bars show SD across three random initialisations.

Figure Al: Event-level q95 effects in the Thames—Southern North Sea. For each q95 event cluster linked to
the paired test-period analysis, the point is the mean across three random initialisations of CoastRelay q95
mean absolute error minus the lower of the Delay-only and Pair-forcing-only event q95 errors; horizontal
bars show the sample standard deviation across the three random initialisations. Negative values indicate
lower event error for CoastRelay. The summary reports the proportion of events with a negative effect, the
median effect, and the largest event-level reduction.
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