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Abstract

This study investigates deep learning methods for downscaling tropical cyclone
significant wave height (H,o) from 8-to-1 km along the US East Coast. Deterministic U-
Net and stochastic Wasserstein generative adversarial network (WGAN) architectures are
evaluated under direct and residual formulations, conditioned on fine-resolution
bathymetry and a bathymetry-relative directional encoding. Performance is assessed for
unseen storms, unseen coastal geometries, and extreme wave conditions, emphasising
nearshore prediction skill. The strongest performance was achieved by a residual-
predicting U-Net using bathymetry-relative wave predictors, which successfully
reconstructed fine-scale structure with substantially lower error than the WGANSs. This
U-Net reduced nearshore mean absolute error by 85.8% relative to bilinear interpolation.
The final WGAN produced very little stochastic variability, with a mean pixel-wise
ensemble standard deviation of 0.020 m. These results suggest that for 8-to-1 km H,,
downscaling, deterministic models can outperform stochastic generative approaches.
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1 Introduction

1.1 Background and motivation

Wave action is a major driver of coastal damage from tropical cyclones (Serafin et al., 2017).
Critically, the wave hazard is highly spatially variable because processes such as bathymetric
refraction, shoaling, and depth-limited breaking cause wave characteristics such as significant
wave height (Hy,0), peak period (Tp), and mean wave direction (Dyean) to vary over spatial
scales of hundreds of metres (Booij et al., 1999), comparable to the scale of exposed assets.
High-resolution spectral models, such as Simulating Waves Nearshore (SWAN; Booij ef al.,
1999), can resolve wave variables at these scales, but at substantial computational cost. Such
computational requirements limit their applicability to catastrophic risk modelling
frameworks, which commonly rely on large stochastic sets of synthetic events to estimate risk
(Emanuel, 2006; Hall and Jewson, 2007). Consequently, region-wide nearshore simulations
at hazard analysis-relevant scales are unfeasible. Conversely, coarse-resolution wave models
are more computationally affordable at regional scales but fail to resolve the nearshore detail.

Machine learning downscaling bridges more computationally efficient coarse-resolution
models and high-resolution outputs (Jorges et al., 2023; Kuehn et al., 2023). This study
focuses on the downscaling of H,,,, from 8-to-1 km.

1.2 Related work

Deep learning has been increasingly applied to wave downscaling through two formulations:
surrogate modelling of high-resolution numerical models (e.g., Jorges ef al., 2023; Kuehn et
al., 2023; Xu and Hao, 2026) and super-resolution of an existing coarse wave field (Kuehn et
al., 2023; Zhu et al., 2023; Yu et al., 2024). During tropical cyclones, waves can propagate
far from their source, such that local conditions reflect both local forcing and remote wave
generation (Tamizi and Young, 2020). This non-locality increases the complexity of full
surrogate modelling, which must learn both wave generation and propagation history (Tamizi
and Young, 2020, Kuehn et al., 2023). Super-resolution instead retains this information from
a coarse numerical model, thereby reducing the learning task to refining a physically based
estimate, which can increase accuracy (Kuehn et al., 2023). Consequently, this study adopts
the super-resolution approach, with models either predicting the high-resolution field directly
or learning the residual correction to an upsampled coarse estimate (Kim et al., 2016).

Both formulations can incorporate physical information. Surrogate models have used
bathymetry and wind as direct predictors (e.g., Michel et al., 2022; Jorges et al., 2023), whilst
super-resolution models have conditioned coarse wave fields on additional high-resolution
information, including bathymetry (Yu et al., 2024) and wind (Wang et al., 2026). Bathymetric
effects become increasingly important nearshore, whilst wind is more influential offshore



(Booij et al., 1999). Some studies (e.g., Michel ef al., 2022; Yu et al., 2025) transform wind
predictors into variables more relevant for their given problem. For instance, Yu et al. (2025)
rotate the wind vector into components parallel and perpendicular to the direction between
given grid cells and target points. However, despite the importance of bathymetry for
nearshore wave processes, less attention has been given to whether similar feature engineering
to couple wave direction and bathymetry can improve predictions.

Model architecture and optimisation criteria also influence predictions. Architectures for
downscaling waves have included CNNs (Jorges et al., 2023; Zhu et al., 2023), ConvLSTMs
and U-Nets for spatiotemporal downscaling (Yu et al., 2025), and conditional GANs (Yu et
al., 2024). Super-resolution is ill-posed because a coarse input can represent many plausible
fine-scale targets (Serifi ef al., 2021). Deterministic models produce a single realisation, and
training with pixelwise losses such as mean absolute error (MAE) or mean square error (MSE)
can additionally produce smooth outputs (Vosper et al., 2023). Stochastic generative models
instead aim to represent the distribution of fine-resolution fields, allowing multiple plausible
realisations to be generated from the same input (Leinonen et al., 2021).

Stochasticity has been particularly important in precipitation downscaling because coarse
models leave substantial fine-scale variability unresolved. Generative architectures have
therefore been used to produce stochastic high-resolution precipitation fields (Leinonen et al.,
2021; Harris et al., 2022; Vosper et al., 2023). When directly comparing a deterministic U-
Net, Vosper et al. (2023) found that a Wasserstein GAN (WGAN) better reproduced fine-scale
spatial detail, extremes, and variability. Yu ef al. (2024) used a conditional GAN to reconstruct
high-resolution H,,, from coarse wave fields and physical conditioning variables. However,
their analysis focused on reconstruction accuracy and spatial detail rather than whether
stochastic inputs produced meaningful variability between high-resolution realisations.
Therefore, whether these benefits transfer from precipitation to wave fields remains unclear.



1.3 Research aims

Section 1.2 established that deep learning can downscale H,,, through super-resolution and
benefit from fine-resolution conditioning. However, comparatively little attention has been
given to feature engineering to couple wave propagation with the bathymetry, which may
improve predictions in shallow, nearshore regions. Physically meaningful predictor
representations may improve generalisation to unseen regions, rather than encouraging
memorisation of seen coastal geometries. Furthermore, whilst both deterministic and
generative models have been used for wave downscaling, to the author’s knowledge, no study
has compared both under an equivalent super-resolution task.

Given these findings, this study aims to:

1. Develop physically informed representations of wave direction relative to local
bathymetry and assess how predictor and target representation affect downscaling
performance in nearshore regions.

2. Compare deterministic and stochastic generative architectures under an equivalent super-
resolution task.

3. Assess model performance in unseen coastal geometries and extreme storms.



2 Methods and data
2.1 Problem setup

Let W € Row*HrXWr and X € RW*Hc*We denote the fine-resolution and coarse-resolution
wave fields for a given spatial domain and timestep, respectively, where Hf > H. and Wy >

W,, and C,, is the number of wave variables. This study predicts fine-resolution H,,,, such
that the target Y € R1*Hr>Wr,

Additional fine-resolution conditioning variables are collected in Z € R¢*#r*Wr where C,
is the number of fine-resolution conditioning variables. These include the bathymetry and
land-sea mask as well as feature-engineered predictors described in Section 2.3.

The coarse predictors are produced by applying the channel-wise operator f to W:

X = f(W). (1)

coarsening

Downscaling seeks to infer a plausible Y from X and Z. Since f is many-to-one, multiple fine-
resolution fields can coarsen to the same coarse field, making the inverse problem ill-posed
(Serifi et al., 2021). The problem can therefore be expressed through the conditional
distribution:

p(Y|X,Z). )
A deterministic downscaling model (e.g., a U-Net) learns a parameterised mapping:
go: X, Z) » Y. (3)

Conversely, a stochastic conditional generative model (e.g., WGAN) introduces a noise input
€, such that:

Gp: (X, Z,€) Y. (4)

Varying € allows the generator to produce multiple fine-resolution realisations for the same
inputs, approximating p(Y | X, Z).



2.2 Data acquisition and preprocessing

Three study regions were defined across the US East Coast: Boston, New York (NY), and
Virginia, each represented by a fixed bounding box (Figure 1). Wave data were obtained from
the ultra-high-resolution SWAN dataset of Allahdadi et al. (2019), which uses an unstructured
mesh with 200 m nearshore resolution. Tropical cyclones from 1979-2020 were identified
using IBTrACS (Gahtan et al., 2024), with scenes extracted whenever recorded events
intersect a region. Hereafter, ‘event’ denotes a storm and ‘scene’ denotes a model output at
one timestep. Modelled variables are Hy,g, Ty, and Dyyean, hence €, = 3.

Bathymetry was obtained from NOAA BlueTopo at 90 m resolution (NOAA, 2026). The
unstructured SWAN outputs were interpolated to a regular 200 m grid and block-averaged to
construct 1 km targets and 8 km inputs. NaNs were set to 0. Bathymetry and land-sea masks
were reprojected and aligned to the target grid.

The dataset contains 36 Boston, 36 NY, and 75 Virginia events. To balance the regional
datasets, a subset of 36 Virginia events was selected, retaining all storms also present in NY
or Boston and randomly selecting the remainder. Hurricane Sandy (2012), present in NY and
Virginia, was held out as an unseen extreme. Remaining storms were split 70/15/15% into
training, validation, and testing, respectively, with storms occurring across multiple regions
assigned consistently between splits.

Two training regimes assessed geographical generalisation (Table 1). A two-region dataset
contained only NY and Boston (51 bounding box events), allowing evaluation on the unseen
Virginia geometry. A three-region dataset contained 17 randomly selected events per region
(51 total), thereby approximately matching the training volume from the two-region regime
so that differences in performance reflected exposure to additional geometry rather than more
data.

Patch-based sampling was used to improve the number of training samples, reduce memory
requirements, and expose the model to a wider range of coastal settings. Input and target
patches were 16 X 16 and 128 x 128, respectively. 20 and 17 random patches (minimum
40% ocean pixels) were taken from each training scene for the restricted-geometry and full-
geometry datasets, totalling 11,300 and 11,424 training patches, respectively. Patches per
scene were chosen to approximately match the training volume between datasets. The
validation and test datasets are constant across regimes.



New York  Boston Virginia

5 Train 25(287) 26 (278) -

?)o Validation 5 (70) 5 (40) 5(98)
% Test 6 (61) 5 (46) 6 (47)
‘S Train 17.(225)  17(194) 17 (253)
gb Validation 5 (70) 5 (40) 5 (98)
% Test 6 (61) 5 (46) 6 (47)

Table 1. Number of events per train/validation/test split per bounding
box. The number of scenes per split is shown in brackets.

New York

Virginia

0 100 200 300 km
e

Figure 1. Bounding boxes for (top to bottom) Boston, New York, and Virginia. Their respective dimensions at
1 km resolution are 280 X 400, 240 X 360, and 440 X 440. The projection is EPSG:5070. Background
imagery from Google Earth (Google, 2026).
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2.3 Feature engineering and scaling
Several coarse variables were transformed before being passed to the models. Because Dy ean
is cyclical, it was represented using sine and cosine components added to X:

o TTDmean _ TDmean 5
Dmean,sin = Sln( 180 ’ Dmean,cos = COos 180 /- ( )

However, this retains wave direction relative to geographic North, whilst wave interaction
depends on the propagation direction relative to the local seabed. Any model without
additional feature engineering would have to learn this transformation implicitly. Therefore,
it is useful to directly inform the model how wave direction and seabed slope interact.

X was first aligned with the fine grid using nearest-neighbour interpolation Uyy:

X = Unn(X) € REWXHpxWs, (6)

Preliminary experiments with the U-Net model architecture showed that nearest-neighbour
upsampling yielded better performance than using bilinear interpolation and injecting X at the
bottleneck. Hence, nearest-neighbour interpolation is used here.

The upsampled H,,o and D e,y are represented as a directional wave vector:
s

6_

= Dmeans H = (Hpocos 8, Hyosinb), (7)

and the corresponding local seabed orientation is obtained from the gradient of the
bathymetry:

oh 0
vh=(5530), VAl =RI+H, ®)

where h is the bathymetric depth. Vh is estimated using second-order accurate central
differences. The slope is then normalised:

A Vh hy hy, (9)
S=—=1(5,,S S, = Sy, =
|Vh| + € ( X’ y)r X \vhl+e’ Y |vnl+¢€

and its perpendicular component is:

§1 = (—sy,5). (10)

H is then projected onto these vectors:

Heross = H - S, Halong =H-§", (11)

11



where H_.oss represents the wave component aligned with the local bathymetric gradient and
Hg1ong Tepresents the perpendicular component. These components provide the models with

physically meaningful information about wave propagation. These features are added to Z.

Before model input, Hp,,g and T, were divided by their respective training-set qqq 5 and qqo.

Bathymetry was converted to positive depth, clipped at its training set qq9, and log-
normalised. Model outputs were transformed back into metres before validation and testing.

12



2.4 Models

2.4.1 Bilinear Interpolation

Bilinear interpolation provides a non-learned deterministic baseline, estimating each fine-grid
value by distance-weighted interpolation of the four neighbouring coarse-grid values. All
model outputs henceforth are masked to the ocean mask and clipped at zero to enforce non-
negativity.

2.4.2 U-Net

U-Nets are encoder-decoder CNNs with skip connections between corresponding resolution
levels (Ronneberger et al., 2015). Two U-Net types were used: a ‘Direct’” U-Net and an
otherwise equivalent ‘Delta’ U-Net. For experiments comparing direct and residual prediction,
the two models use the same network architecture and inputs, differing only in the formulation
of their final prediction. Figure 2 shows the model architectures.

X and Z are concatenated channel-wise and passed to the U-Net, with predictor configurations
varied between experiments (Section 2.5). No final activation function is used, allowing the
Delta U-Net to predict both positive and negative residual corrections. No batch normalisation
or dropout is used.

The Direct U-Net predicts the fine-resolution H,,, field directly:

?direct = Yo, (i' Z)- (12)

Residual learning instead predicts the correction to the baseline field, focusing the model’s
capacity on fine-scale correction (Kim et al., 2016). To test whether this improves wave
downscaling, an otherwise identical U-Net is therefore trained. The Delta U-Net therefore
predicts:

Yaeita = 70,(X,Z) + Xy, .. (13)
where 7_ is the learned Hyy residual. Keeping the inputs and architecture constant isolates
the effect of residual learning.

As the network is fully convolutional, full scenes were processed in a single forward pass after
padding spatial dimensions for compatibility with the downsampling blocks. Padded pixels
take on the value of the nearest edge pixel.

13



Coarse inputs, X~ Upsampled inputs, X

BXC,xH XW, BXC,, X Hpx Wy 32064

i
i
i
i i
i i
3232 _ 32 32 ' '
Fine inputs, Z ! '
: 3
i n
& N L] > L+ 1=y
BX(C,, + C)XHxWy ! ‘
i
BXC,XHp xWy [P, 2
L 64 @ 128 | | BX1XHpx Wy
vo64 64 . 4 64
Conv 3x3, ReLU = |:|

Max Pool 2x2 | 128 @ 256 128 128

Bilinear Upsample x2 ' 128 128 —_—t
G OCH 1—C T ]
Skip Connection = 7 256 256

Channel-wise concatenation [ 1+ [ 1-[ |

Figure 2. U-Net architecture. Each pink box corresponds to a multi-channel feature map. The number of
channels is denoted above each box. White boxes represent feature maps propagated through skip connections,
which are concatenated with the adjacent decoder feature maps. For the Delta U-Net, the network predicts a
residual which is added to the upsampled X Hpo L0 Obtain the final prediction Y, as indicated by the dashed box.
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2.43 WGAN

The WGAN architecture is adapted from Vosper et al. (2023), based on the precipitation-
downscaling framework of Leinonen et al. (2021) and Harris et al. (2022). The WGAN is a
stochastic generative model, based on a conditional GAN (Mirza and Osindero, 2014). Figure
3 shows the generator and critic architectures. To adapt their original 10X downscaling
architecture to 8X downscaling, the two bilinear upsampling were changed from (5, 2) to
(4, 2), with corresponding changes to the generator and critic downsampling blocks.

We also keep the fine-channel input from Harris ef al. (2022), which was unused by Vosper ef
al. (2023). Whilst Harris ef al.’s intention for the fine-channel input was that these were
spatially static inputs, we also supply the dynamic feature-engineered Hajong/cross here. Four
Gaussian noise channels are concatenated with X. Thus, unlike the U-Nets, X and Z are input
at different points in the network. X and € enter at the coarse input stage, and Z is injected at
two points — downsampled onto the coarse grid at the input and at the full resolution after the
upsampling blocks. The WGAN output for realisation k is:

Y =Gy (X Ze®), €~ n(0,1), (14

direct

A ‘Delta’ WGAN was also implemented, with the final softplus activation removed to permit
negative residual corrections. The Delta WGAN prediction is:

A (k) _ ~
Ydelta - R¢r(x' Z e(k)) + XHmo’ (13)

Ensembles were generated by independently sampling € while keeping X and Z fixed.

The generator is trained adversarially against a critic which outputs a scalar score for observed
or generated fields:

Dy: (Y, X,Z) » R,  Dy:(Y®,X,Z) » R (16)

Unlike a conventional GAN discriminator (Goodfellow et al., 2014), the critic does not output
a probability and has no final activation. Training is described in Section 2.6. The generator
and critic are also fully convolutional.

15



Direct generator

Fine inputs, Z
[ @ } T2x
BXC,xHxW;
s 14x
T4x
. 1 2x
Coarse inputs, X :l
1x1
Conv
._,>_>{ (k)
BXCy XH XW, BxfyxHexW,
BX2f;x4H x4W,
Noise input, € — S S Iy
@] BXfyxHe xWy BXfyxHy xWy BX1XHpxWy
BxnxH xW,
Fine inputs, Z Delta generator
[ §a ] T2x
BXC,xHxWj
e 14x
T4x
Coarse inputs, X E
1x1 N
Conv L
5 ) ) = g®
BXCpyXH XW, BXfgxHe X W,
BX1xHy xWy
BX2fy x4H X 4W,
Noise input, € — — =
. BXfyXHp x Wy BX fy X Hp x W
XHmD
Uny (Xn,)
BxnxH xW,
BX1xHy xWy
Input: Y or ¥ Critic
@ 14x
1 2x
BX1xHpxWy
L l4><l 2% Global  Fully connected
Fine inputs, Z average layers
pooling A
%{_/
@ BX2f; xH.XW, D D > >t > R
Bxf, Bx64 Bx1
BXC,xHpxWs BXfaxHxWe
Coarse inputs, X Bilinear Interpolation Softplus Output
P BX2fyxH XW, |:| P . P P
Convolutional
onvout [ Residual Biock

Nl

BXC,, xH XW,

Downsampling

@ Channelwise Concatenation

fy =128, f; =512

Figure 3. GAN generator and critic architectures for 8 X downscaling. The output tensor dimensions of each architectural
stage are shown below their respective stages. Pink boxes represent Residual Blocks (He ef al., 2015). Figures adapted
from Vosper et al. (2023, p.5) and Harris et al. (2022, p. 6), with modifications as specified in Section 2.4.3.
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2.5 Experimental design

Figure 4 summarises the experimental design. Two predictor configurations were compared
while holding model architecture otherwise fixed. The first uses Hpg, Ty, and the sine and
cosine encodings of Dpean. The second retains Hy,o and Ty, but replaces the absolute
directional encoding with Hcoss and Hyjong. These are hereafter referred to as ‘AllWaves’ and
‘RelativeWaves’, respectively. Both configurations are used for both the Direct and Delta

model variants to assess the effects of predictor representation, target formulation, and
architecture.

Experiments were initially conducted under the two-region training regime. The best
validation model (Section 2.7) was then retrained under the three-region regime (Section 2.2),
isolating the effect of exposure to additional coastal geometries on geographical
generalisation.

f AllWaves RelativeWaves

XRW = [HmO ’ Tpr Dmean ,sin» Dmean , oS ] XRW = [HmO ’ Tp]
Zzw = [Bathymetry, Land—sea mask] Zpy = [Bathymetry, Land—sea mask, Hcross, Halong]
| |

< Train U-Nets and WGANSs (Direct and
Delta variants)

Train and compare models + selection

[ Validate and select best model }

Retrain
selected model
(three-region)

[ Evaluate trained models on the }

-

Region transfer

held-out test set

Figure 4. Flowchart showing experimental workflow. Square brackets represent channel-wise concatenation.
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2.6 Training procedure and hyperparameters

Training was conducted on a G4 GPU in Google Colab using Adam (Kingma and Ba, 2017)
with a batch size of 16. U-Nets were trained for 90 epochs with a learning rate of 1 X 107%,
minimising ocean-masked MSE.

WGAN training followed Vosper et al. (2023), using the Wasserstein-GAN gradient-penalty
framework (Arjovsky et al., 2017; Gulrajani et al., 2017). The generator and critic had
learning rates of 1 X 10™> over 100 epochs, with five critic updates per generator update
(Kurach et al., 2019). Following Vosper et al. (2023), the content-loss term (Ravuri et al.,
2021) used by Harris et al. (2022) was omitted because it produced blurred outputs. Full
definitions of the adversarial and gradient-penalty losses are available in Harris et al. (2022,

pp- 8-10).

2.7 Model selection and evaluation

Model selection used full-scene validation MAE, binned by distance from the coast, with
particular emphasis on the <1 km distance-to-coast bin. MAE was appropriate because it
provides a measure of prediction error in the same units as H,,o, while being less strongly
influenced by a small number of large errors than squared-error metrics. To prevent storms
with more scenes from contributing disproportionally, MAE was calculated separately for
each storm within each bin and then averaged. The storm-to-storm variability is reported as
the standard deviation of these MAEs.

Tail performance was assessed using qos, G99, and g9 9 Hyyg thresholds calculated from the
training dataset within each distance-to-coast bin. Tail MAE was calculated using only pixels
whose target Hy,o exceeded the corresponding training-derived threshold. Again, particular
attention was paid to the <1 km bin. Because exceedances become increasingly sparse at
higher percentiles, tail MAE was pooled across all qualifying pixels rather than averaging by
storm.

WGAN predictions used the mean of 20 independently generated ensemble members for
comparison with the deterministic U-Nets. Validation results informed model and predictor
selection. The test set was used for final evaluation, with Hurricane Sandy assessed separately.

Following Vosper ef al. (2023), the power spectra of model outputs were calculated to
quantify the spatial quality of predictions.

18



3 Results

3.1 Model selection

Validation performance depended on predictor representation, prediction formulation, and
architecture. For the Direct U-Nets, AllWaves slightly outperformed RelativeWaves in the
nearshore. Under the Delta formulation, RelativeWaves outperformed AllWaves. The Delta-
RelativeWaves U-Net achieved the strongest overall U-Net performance, reducing <1 km
MAE by 83.5% and 84.0% in NY and Boston relative to bilinear interpolation. Hereafter,
percentage reductions are provided relative to the bilinear interpolation baseline, unless
specified. It also achieved the lowest >qgg 14, MAE in both regions, at 0.124 and 0.126 m,
respectively — an 84.4% and 88.7% reduction. Only six pixels in the validation dataset were
>Q99.9 1km»> hence, >qgg 9 1xm Was not used for model comparison.

For the WGANSs, AllWaves generally performed best, with the Delta-AllWaves configuration
achieving the lowest MAE across most distance bins. However, its nearshore MAE reductions
were only 65.1% in NY and 69.3% in Boston, substantially below the U-Net. Therefore, the
Delta-RelativeWaves U-Net was carried forward to the three-region experiment.

Broadly, similar model rankings were observed for unseen Virginia. The U-Nets reduced MAE
relative to the baseline, whilst the WGANs were consistently outperformed by the baseline.
Full validation statistics are shown in Appendix 1.

3.2 Held-out test performance

Hurricane Sandy is evaluated separately in Section 3.3.2. Here, we compare the best-
performing U-Net and WGAN, referring to them as such. Validation rankings persisted on the
test set. The selected Delta-RelativeWaves U-Net outperformed bilinear interpolation across
all distance-to-coast bins, with a consistent 85% reduction in MAE up to 5 km offshore over
both NY and Boston (Table 2). Improvements decreased further offshore but remained
positive throughout.

Meanwhile, the strongest WGAN, Delta-AllWaves, also improved upon the baseline, but
remained substantially weaker than the U-Net, reducing <1 km MAE by 65.4% and 65.7% in
NY and Boston, respectively. The performance decreased offshore and fell below the baseline
beyond 20 km in NY and 50 km in Boston.

Despite the strong U-Net performance in NY and Boston, model performance fell
considerably in unseen Virginia. The U-Net <1 km MAE was only reduced by 14.2%, whilst
the WGAN increased MAE by 62.6%. The U-Net remained better than the baseline across all
distance bins.

19



Tail performance followed a similar pattern in the 1 km bin (Table 3). Above gqq9, the U-Net
reduced MAE by 81.4% and 90.9% for NY and Boston, respectively, compared to 52.3% and
80.2% for the WGAN. The U-Net’s performance above gqq ¢ remained strong, reducing MAE
by 78.6% and 90.6%, respectively. Whilst the validation dataset only had 6 pixels for this bin
in Boston, the test dataset had 182 and 135 pixels, respectively. Interestingly, in unseen-
Virginia, despite poorer general MAE performance, the WGAN outperformed the U-Net. It
reduced MAE by 41.8% and 73.8% above qq5 and qqq, respectively, compared to 23.9% and
56.3% for the U-Net. No pixels in Virginia surpassed qqq 9.

For the selected Delta-RelativeWaves U-Net, full-scene inference on an NVIDIA A100 GPU
required, on average, 8.6 ms, 11.1 ms, and 32.4 ms per test scene for NY, Boston, and Virginia,
respectively.
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Model <=1km 1-2km 2-5km 5-10km 10-20km 20-50km >50km

Bilinear 0374024  0350£0.19  0299+0.19  0.140+0.01  0058+005  0.031+£0.03 0015001
&’5 Interpolation
.,z AUNet 858+ 1.40%  86.1+1.0%  87.5+13%  77.6£3.8%  SL5+103%  372+143% 238+ 13.4%
£ Z  (RelativeWaves)
<
g % AWGAN 654+6.60%  63.6=6.5%  682+5.1%  57.4+60%  12.6=164%  9.1+420.0%  -45.5+24.6%
g (AllWaves)
on
g Bili
3 vinear 02974012 0269011  0208+0.09  0.081£0.04  0.034£002 00274002  0.015%0.01
Interpolation
§  AU-Net
Z ’ 847+13%  851+1.5%  863+18%  73.7+£45%  497+10.1%  45.6+163%  26.8+19.4%
:8 (RelativeWaves)
AWGAN
657+9.0%  638+9.1%  688+7.4%  S51.8+72%  124+15.1%  84+19.6%  -303+17.7%
(AllWaves)
Bilinear 0.128£0.09 01204006  0.135+0.08  0.085+0.06  0.048+0.04  0.036=0.03  0.015+0.01
a < Interpolation
153 =} -
$ 5 AUNe 142414.0%  273+43%  51.8+33%  39.9+50%  11.5+39%  18.6=2.8%  17.3+15.6%
= R (RelativeWaves)
2 > AWGAN
627+434%  753+439%  -5.0£23.9%  -104+18.0%  -344+18.1%  -85+129%  -40.8+35.8%
(AllWaves)

Table 2. Mean absolute error per bounding box, binned by distance from the coast, over the held-out test set. Statistics are
shown for the bilinear interpolation baseline and the best-performing U-Net and WGAN. MAE is reported as the average
MAE per storm. The error is defined as the standard deviation across test storms. The baseline is provided in absolute units
(metres), with the U-Net and WGAN performance reported as the percentage reduction in MAE, relative to the baseline for
ease of interpretation. Entries in red do not beat the baseline. Full results are shown in Appendix 2.

Region Model >(Qos >q99 >(99.9
—g Bilinear 0.621 0.909 1.041
= Z AU-Net (RelativeWaves) 81.0% 81.4% 78.6%
o
g 74 AWGAN (AllWaves) 61.2%  52.3%  432%
8
an
§ c Bilinear 0.725 1.081 1.399
o
2 ‘g AU-Net (RelativeWaves) 88.2% 90.9% 90.6%
A
AWGAN (AllWaves) 80.0% 80.2% 77.9%
- = Bilinear 0.533 0.890 -
o4 =]
2 "D AU-Net (RelativeWaves) 23.9%  56.3% -
= ”  AWGAN (AllWaves) 41.8%  73.8% -

Table 3. Mean absolute error per bounding box in the <1 km from the coast bin over the held-out test set, calculated over
pixels where the corresponding target pixel is above the percentile calculated from the respective distance bin from the two-
region dataset. The baseline is provided in absolute units (metres), with the U-Net and WGAN performance reported as the

percentage reduction in MAE, relative to the baseline for ease of interpretation. For the <1 km from the coast bin, these
values are 1.71 m, 3.05 m, 4.73 m, for each respective percentile. Full results are shown in Appendix 2.
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3.2.1 Visual and spatial analysis

Power spectra broadly followed the observations at low wave numbers, where power is
already present in the coarse input (Figure 5). At higher wave numbers, bilinear interpolation
increasingly lost power, falling to 80-90% of the observed spectrum across the three regions.
Both learned models retained much more fine-scale power in NY and Boston, with the U-Net
remaining closest to observations. The WGAN showed excess fine-scale power in Boston.
Performance in Virginia was weaker, however the U-Net remained closer to the observed
spectrum. Thus, the U-Net was able to recreate much of the observed fine-scale spectrum.

These differences are also reflected visually in the downscaled spatial fields (Figure 6). The
better representation of fine detail is clear in Barry (Boston, 2007), where fine detail in the
shallow coastal region in the bottom right is recovered by both learned models. The U-Net
more closely reconstructs a thin band of higher H,,, in the top left not captured by any other
method. The learned models also more closely reproduce the target coastal gradients along
Long Island in Danny (1997) and Cape Cod in Floyd (1999). The WGAN also produces small-
scale artefacts, which are mostly absent or less evident in the U-Net.

New York Boston Virginia
wavelength A (km) wavelength A (km) wavelength A (km)
50 20 10 5 2 50 20 10 5 2 50 20 10 5 2
10¢ 106
3
103 10 10%
e _ — 10
X x 1 ~
T o g & 100
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100 50 20 0 5 2 100 50 20 10 5 2 100 50 20 10 2
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Figure 5. Spectral power curves of the predictions from bilinear interpolation, the Delta-RelativeWaves U-Net
and the Delta-AllWaves WGAN. The top row shows the absolute values. The bottom row shows the values
normalised by the observed spectra.
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Figure 6. Example test patches showing the coarse input, and model outputs for the bilinear interpolation
baseline, Delta-RelativeWaves U-Net, and Delta-AllWaves WGAN. The target is shown in the bottom row.
Patches were sampled randomly from the test scenes by first randomly choosing a storm, then a random scene,
then a random patch. Patches are the same size used in training — 128 km X 128 km. Patches are projected onto

EPSG:5070. Geographic North is the y-direction. Note the different colour bar scale for each plot.
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3.3 Generalisation to unseen conditions

3.3.1 Geographical transfer

Retraining the Delta-RelativeWaves U-Net under the three-region regime yielded substantial
improvements in Virginia, with <1 km MAE reduced by 64.5% relative to its two-region
counterpart to 0.029 m. This gain was accompanied by modest increases in MAE in NY (0.040
to 0.051 m) and Boston (0.045 to 0.058 m), where improvements relative to bilinear
interpolation decreased from 85.8% to 82.0% and from 84.7% and 80.4%, respectively.
Relative to bilinear interpolation, the Virginia MAE was reduced by 69.5%. Thus, exposure
to Virginia largely closed the geographical performance gap while retaining strong
performance for the original training regions, despite reducing their training data by a third.

3.3.2 Extreme-event transfer (Hurricane Sandy)

Hurricane Sandy was used as a manually held-out extreme-event test to evaluate
generalisation to extreme events. Sandy’s global H,o g9 9 threshold was 13.8 m, compared
with 10.5 m in training. Within <1 km, the corresponding values were 5.29 m and 4.73 m.

For the two-region U-Net, in NY, the <1 km MAE above the training-derived gq99 and qgg 9
thresholds were 0.270 and 0.236 m, respectively. In Virginia, MAE >qq9 was 0.430 m, while
no pixels were >qqq 9. For the three-region model, the Virginia >q99¢ MAE was reduced by
67.4% to 0.140 m. In NY, >qq99 MAE was unchanged (+0.179%), although >q999 MAE
increased by 28.7%. Thus, adding Virginia to training substantially improved Virginia’s
extreme-event transfer, but did not improve NY.

Figure 7 shows model outputs for Sandy in NY and Virginia and the difference between the
output and the target. Both models reduced coastal error in NY, while the three-region model
substantially reduced errors along Virginia’s Eastern coastline.
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Figure 7. Bilinear interpolation and the two- and three-region Delta-RelativeWaves U-Net outputs for scene 5
in Hurricane Sandy (2012) for New York and Virginia. New York’s scenes are 240 km X 360 km. Virginia’s
scenes are 440 km X 440 km. Error is defined as the prediction minus target. Patches are projected onto
EPSG:5070. Geographic North is the y-direction. Note the different colour bar scales between New York and
Virginia.
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4 Discussion

The following sections consider the implications of the results for generative downscaling,
physically informed feature engineering, and geographical generalisation.

4.1 Are generative architectures necessary for H,,o downscaling?

Generative architectures can be useful for general downscaling because the inverse problem
is ill-posed (Section 2.1). They can represent multiple plausible fine-resolution fields for a
given coarse input, reproduce finer-scale spatial structure without the smoothing associated
with deterministic point prediction, and they can be better at representing tail events (Vosper
et al., 2023). However, despite these theoretical advantages, the WGAN did not outperform
the U-Nets and produced very little variability between ensemble members. The mean pixel-
wise standard deviation across members from the test dataset was 0.020 m, which did not vary
substantially between regions. There are two plausible diagnoses for this result. First, the
generator learned to ignore its stochastic input. Second, the conditioning variables may
constrain the fine-resolution solution sufficiently to make the conditional distribution
p(Y | X, Z) narrow.

Ignoring noise is a known failure mode of generators, causing them to learn a deterministic
mapping (Isola et al., 2018; Ramasinghe et al., 2021). However, Vosper ef al. (2023) found
that their ensemble predictions had good but slightly systematically underspread variability.
Therefore, the same architecture (except for 8x rather than 10X downscaling) and training
have generated meaningful stochastic variability in tropical-cyclone precipitation
downscaling, suggesting that the architecture is at least capable of exploiting stochastic inputs.
Thus, the noise-ignoring cannot be solely attributed to the architecture.

The limited ensemble spread may also reflect the diversity of the training data. Although the
WGAN was trained on 11,300 patches (565 scenes), spatial overlap between patches and
repeated sampling from the same events mean that these patches do not constitute an
equivalent number of independent samples. The generator may, therefore, have had limited
evidence to learn a broad conditional distribution. Increasing the number of patches would not
necessarily resolve this limitation owing to their overlap. Rather, greater diversity in
independent storms could be more informative. Therefore, it cannot be ruled out that a
theoretical, fully optimised WGAN could learn an ensemble spread.

Nevertheless, several results support a narrow conditional distribution. The U-Nets
outperformed the WGANs on MAE and in recreating fine spatial structure. This contrasts with
precipitation-downscaling, where deterministic U-Nets lost substantial spectral power at fine
scales, whereas generative models endured (Vosper et al., 2023). The strong U-Net
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performance, coupled with the low WGAN ensemble spread, is consistent with a narrow
conditional distribution.

This difference is physically plausible given the different spatial characteristics of H,,, and
precipitation. Precipitation is highly variable in space, with key processes occurring below the
coarse-resolution scale, leaving substantial fine-scale variability to be reconstructed during
downscaling (Wang et al., 2021; Harris et al., 2022), hence motivating the GAN. Conversely,
Hyo is a bulk measure of the sea state, whose spatial evolution is affected by wave
propagation, thereby producing smoother wave fields (Booij et al., 1999; Obakrim et al.,
2023). Consequently, deterministic U-Net smoothing may incur relatively little loss of
physically meaningful structure for this downscaling problem. This result, however, should
not be generalised to all wave downscaling problems. Other wave variables, or different
scales, may require a broader conditional distribution and the generation of sharper structures.

4.2 Importance of input and target representation

Predictor representation was not universally beneficial. AllWaves slightly outperformed
RelativeWaves for direct U-Net prediction, whereas this order reversed for the Delta U-Net,
where RelativeWaves produced the best overall performance across all models. In contrast,
AllWaves achieved the strongest performance in the WGANS.

One possible explanation is that RelativeWaves is well aligned with residual-prediction.
Where residuals contain systematic structure associated with physical predictors, providing
these predictors can help the learning of residuals (Tedesco et al., 2023). If the fine-scale
correction to the coarse Hy, is related to the local bathymetry through wave processes (Booij
et al., 1999), then representing the wave direction relative to the bathymetry may provide
information specifically relevant for this correction. Between both Delta U-Net variants,
RelativeWaves produced its largest improvements closest to the coastline, where bathymetric
effects on Hp,, are expected to be strongest, whilst improvements weakened offshore.
However, this interpretation does not explain why the same predictor representation did not
improve direct prediction. This result therefore suggests that the RelativeWaves encoding is
better for residual-style learning in the U-Net, but not that it is necessarily a superior method
of directional encoding for model predictors. RelativeWaves’s small improvement in unseen
Virginia also suggests potential value for geographical transfer.

Interpreting the WGAN comparison is less straightforward. The U-Net directional predictors
enter through the same input pathway regardless of their representation. Conversely, in the
WGAN, changing the predictor representation also changes where information is injected into
the networks. AllWaves directional predictors entered through the coarse-input pathway,
whereas, under RelativeWaves, Hajong/cross enter through the fine conditioning pathway.

Therefore, the poorer RelativeWaves WGAN performance may reflect an interaction between
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the predictor representation and how conditioning is done within the network, rather than the
representation alone.

These results indicate that the effectiveness of residual learning and predictor representation
depends on the prediction objective and architecture. For this study, bathymetry-relative
directional predictors coupled with a residual target had the best performance. Predictor and
target representation should therefore be considered as non-independent modelling choices.

4.3 Limitations and areas for future research

This study has acknowledged several limitations. This section summarises them and provides
directions for future research.

The negligible WGAN ensemble spread could be due to the training dataset containing a
limited number of independent samples. Further research should therefore evaluate generative
models using larger event datasets before determining whether the limited ensemble
variability is symptomatic of the underlying downscaling problem or limitations in the trained
generator.

This study only considered one type of generative model. Consequently, the poor performance
of the WGAN should not be interpreted as evidence that generative architectures are
unnecessary for Hy,,, downscaling. Future work should test alternative probabilistic models to
assess whether they produce greater ensemble spread and test model performance at finer
target resolutions.

This study used an artificially coarsened dataset, derived from fine-resolution simulations.
However, true coarse-resolution simulations are different to spatially averaged fine-resolution
simulations (Kuehn et al., 2023). Consequently, performance may worsen when the trained
models are applied to true coarse-resolution inputs. Further work should evaluate the models
using paired coarse- and fine-resolution simulations generated independently at their
respective resolutions.

Finally, the U-Net architecture and optimisation were not exhaustively tuned. Alternative
channel widths, network depths, introducing drop-out, or optimisation criteria may improve
its results. The reported U-Net performance should therefore be interpreted as evidence that a
deterministic architecture performs sufficiently for this task, rather than as a fully optimised
downscaling model.
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5 Conclusions

This study has applied deep learning methods for downscaling significant wave height from
an 8 km grid to a 1 km grid. This is important because such approaches provide a
computationally efficient means of generating high-resolution wave information for
catastrophic risk modelling frameworks where direct fine-resolution numerical modelling is
computationally expensive. Once a coarse field was available, the selected U-Net required an
average of 16.6 ms per full-scene inference on an NVIDIA A100 GPU. This study contributes
to the literature by comparing deterministic and generative super-resolution models
conditioned on fine-resolution bathymetry and physically informed representations of the
wave state relative to the local seabed.

Bathymetry-relative predictors improved residual prediction but not direct prediction,
demonstrating that predictor and target representation are not independent modelling choices.
The same representation also produced a small improvement when transferring to unseen
coastal geometry. When including the previously unseen Virginia region in training,
performance over Virginia substantially improved while retaining strong performance in New
York and Boston.

Deterministic U-Nets outperformed the WGANSs across all metrics and produced better fine-
scale spatial structure. The WGAN additionally produced little ensemble variability,
consistent with a relatively narrow conditional distribution. Therefore, unlike precipitation-
downscaling, the expected advantages of stochastic generative modelling did not transfer to
this downscaling problem.
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7 Appendix

Appendix 1

Full validation results are presented here to accompany Section 3.1.

Bilinear Interpolation U-Net (AllWaves) U-Net (RelativeWaves)

NY Boston Virginia NY Boston Virginia NY Boston Virginia
<=lkm 0.238 £0.086 0.306+0.162 0.088 +0.051 0.040 +0.012 0.048 £0.026 0.081 +0.037  0.042+0.010 0.053 £0.029 0.071 = 0.026
1-2km  0.234 £0.077 0.276+0.136 0.087 +0.045 0.045+0.013 0.049 £0.024 0.076 £0.029  0.048 £0.016 0.057 £0.031 0.067 = 0.029
2-5km  0.183 +£0.066 0.213+0.116 0.093 +0.055 0.030 +0.010 0.035+0.018 0.057+0.020  0.031 £0.010 0.040 £0.023 0.047 +0.023
5-10km  0.077 £0.027 0.083 +0.045 0.055 +0.036 0.022 +0.007 0.026 £0.013 0.039 +£0.015  0.023 £0.007 0.026 £0.013 0.033 £0.017
10-20km  0.031 £0.011 0.038 £0.022 0.027 £ 0.015 0.018 £0.007 0.022 £0.011 0.026 +£0.013  0.019+£0.007 0.022 £0.012 0.027 £0.014
20-50km  0.019 £0.008 0.030+0.018 0.020 +0.011 0.013+0.006 0.019+0.012 0.017 +£0.009  0.014 +£0.006 0.019 +£0.012 0.018 +£0.010
>50km  0.010 £0.005 0.016 +0.010 0.009 = 0.005 0.010 +0.005 0.014 +£0.009 0.009 +0.003  0.010+0.004 0.013 £0.008 0.009 + 0.004

AU-Net (AllWaves) AU-Net (RelativeWaves) WGAN (AllWaves)

NY Boston Virginia NY Boston Virginia NY Boston Virginia
<=lkm 0.043 £0.015 0.058 +0.028 0.077 +0.028 0.035+0.011 0.049 £0.028 0.074 +0.027  0.080 =0.026 0.130 +£0.045 0.119 +=0.017
1-2km  0.043 £0.015 0.055+0.027 0.074 +0.029 0.036 = 0.011 0.045 +0.026 0.063 +0.026  0.098 +£0.027 0.136 £0.036 0.157 +0.018
2-5km  0.032+£0.010 0.039+0.020 0.050 +0.022 0.026 = 0.008 0.032 +0.017 0.044 +0.021 0.087 £0.016 0.117+0.020 0.172+0.013
5-10km  0.022 £0.008 0.027 +0.014 0.031 = 0.015 0.021 +£0.006 0.024 +0.011 0.031 +0.016  0.069 +£0.010 0.094 £0.013 0.138 +0.008
10-20km  0.018 £0.006 0.020 +0.011 0.026 +0.013 0.017 £ 0.006 0.020 +0.010 0.025+0.012  0.056+0.008 0.078 £0.010 0.078 +0.011
20-50km 0.013 £0.006 0.017+0.011 0.016 = 0.009 0.012 £ 0.005 0.017 £0.010 0.017 £0.009  0.043 +£0.009 0.064 £0.021 0.043 +0.008
>50km  0.008 +0.003 0.010 +0.006 0.008 +0.003 0.008 +0.003 0.011 +£0.006 0.008 £0.002  0.037 +£0.017 0.062 +0.050 0.039 +0.011

WGAN (RelativeWaves) AWGAN (AllWaves) AWGAN (RelativeWaves)

NY Boston Virginia NY Boston Virginia NY Boston Virginia
<=lkm 0.106 £0.010 0.127 +£0.032 0.157 £0.013 0.083 £0.015 0.094 £0.027 0.143+£0.030  0.092+0.015 0.109 £0.030 0.175+0.022
1-2km  0.112+0.007 0.118 £0.017 0.200 £0.011 0.086 = 0.011 0.090 +0.021 0.156 +0.028  0.086 +0.012 0.098 £0.026 0.161 +0.025
2-5km  0.077 £0.006 0.081+0.011 0.155=+0.009 0.059 +0.010 0.063 £0.021 0.097 +£0.029  0.057 £0.011 0.064 +£0.025 0.094 +0.020
5-10km  0.042 +£0.008 0.051+0.014 0.089 +0.008 0.036 = 0.010 0.041 £0.020 0.059 +£0.024  0.036 £0.011 0.041 £0.021 0.051 =0.019
10-20km  0.030 £0.010 0.039+0.017 0.047 £0.016 0.028 = 0.009 0.033 +0.018 0.038 £0.016  0.029+0.010 0.033 £0.018 0.041 £0.019
20-50km 0.025+0.013 0.037 £0.028 0.033 +0.018 0.019 +0.007 0.027 +£0.016 0.022 +0.010  0.023 +£0.010 0.031 +£0.020 0.030 +0.015
>50km  0.049 £0.033 0.043 £0.048 0.116 +0.086 0.014 +0.005 0.019+0.011 0.013 £0.005  0.023 +£0.010 0.029 £0.020 0.028 +0.011

Appendix Table 1. Mean absolute error (metres) per bounding box, binned by distance from the coast, over the
validation dataset per model. MAE is reported as the average MAE per storm. The error is defined as the
standard deviation across storms. Entries in bold represent the lowest error amongst their architecture group

(U-Net or WGAN).
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Distance: Bilinear Interpolation U-Net (AllWaves) U-Net (RelativeWaves)
<=1km NY Boston Virginia NY Boston Virginia NY Boston Virginia
>q95 0.508 0.684 0.538 0.171 0.094 0.278 0.145 0.118 0.371
>q99 0.796 1.119 0.219 0.106 0.225 0.164
>q999
Distance: AU-Net (AllWaves) AU-Net (RelativeWaves) WGAN (AllWaves)
<=lkm NY Boston Virginia NY Boston Virginia NY Boston Virginia
>q95 0.112 0.107 0.359 0.098 0.092 0.357 0.262 0.205 0.330
>q99 0.128 0.142 0.124 0.126 0.406 0.195
>q999
Distance: WGAN (RelativeWaves) AWGAN (AllWaves) AWGAN (RelativeWaves)
<=1km NY Boston Virginia NY Boston Virginia NY Boston Virginia
>q95 0.293 0.195 0.373 0.186 0.134 0.285 0.197 0.127 0.276
>q99 0.414 0.243 0.285 0.185 0.317 0.168
>q999

Appendix Table 2. Mean absolute error (metres) over the validation dataset per bounding box in the <1 km
from the coast bin, calculated over pixels where the corresponding target pixel is above the percentile
calculated from the respective distance bin from the two-region dataset. For the <1 km from the coast bin,
these values are 1.71 m, 3.05 m, 4.73 m, for each respective percentile. Entries in grey are based on only six
pixels. Only Boston had values for >qo99. Entries in bold represent the lowest error amongst their architecture
group (U-Net or WGAN).
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Appendix 2

Full test results are presented here to accompany Table 2 and Table 3 in Section 3.2.

Bilinear Interpolation U-Net (AllWaves) U-Net (RelativeWaves)

NY Boston Virginia NY Boston Virginia NY Boston Virginia
<=1km 0.374 £0.236 0.297 +0.124 0.128 +0.079 84.4 £1.6% 84.6 +1.7% 9.7 +12.0% 82.9+2.5% 83.3+2.8% 16.2 £12.8%
1-2km  0.350 £0.187 0.269 £0.106 0.120 £ 0.063 81.7+1.2% 82.6 £1.4% 15.4 £10.6% 81.7+1.2% 81.3+2.2% 23.0+3.2%
2-5km  0.299 £0.194 0.208 +£0.089 0.135 +0.084 84.9 +1.8% 84.6 £1.9% 37.9+12.7% 84.6 +1.6% 83.5+2.1% 50.3 £3.7%
5-10km  0.140 +£0.108 0.081£0.039 0.085 + 0.063 76.0 £4.0% 71.4 £4.8% 26.6 +13.2% 74.8 £3.9% 71.4 £4.7% 38.8+5.3%
10-20km  0.058 £0.049 0.034 +0.018 0.048 +0.035 49.0 £9.3% 43.4£10.3% 5.8+4.4% 47.6 £10.2% 45.4 +8.7% 5.0+4.4%

20-50km  0.031 +£0.027 0.027 £0.016 0.036 £ 0.027 33.9+£9.9% 38.9+12.9% 15.1£3.0% 31.9+13.2% 40.0 £ 14.3% 13.7 £4.6%
>50km  0.015+0.011 0.015+0.010 0.015+0.012 2.7+9.1% 12.3 £6.2% 5.1+16.7% 5.8+12.9% 11.7 £13.0% 9.8 +12.7%
AU-Net (AllWaves) AU-Net (RelativeWaves) ‘WGAN (AllWaves)

NY Boston Virginia NY Boston Virginia NY Boston Virginia
<=1km 83.4+1.6% 80.7+2.1% 12.7+14.4% 85.8 £1.4% 84.7+1.3% 14.2 £ 14.0% 67.7 £2.4% 54.9 +11.3% -36.4 +43.8%
1-2km 83.6+1.3% 79.7+23%  16.4+7.4% 86.1 £1.0% 85.1+1.5% 27.3 +4.3% 62.5 +£3.6% 48.1+£18.1% -70.5 +54.9%
2-5km 84.1+1.8% 820+1.8% 44.9+63% 87.5+1.3% 86.3+1.8% 51.8+3.3% 59.3+7.2% 40.8 £27.3% -82.6 £75.7%
5-10km  75.1£3.6% 70.8+3.3%  39.0+£52% 77.6 £3.8% 73.7 £4.5% 39.9 £5.0% 25.7+15.4% -19.6 £53.7% -161.5 £ 120.4%
10-20km  50.0 +11.2% 47.5+9.4% 6.4+4.9% 51.5+10.3% 49.7 £10.1% 11.5£3.9% -54.3 £37.1% -131.4 £90.2% -170.9 + 89.9%

20-50km  37.6 £11.9% 45.5+14.4% 19.1+2.4% 37.2+14.3% 45.6 £16.3% 18.6 +£2.8% -200.8 +234.0% -161.1 + 158.0% -112.1 £ 74.4%
>50km  25.8+11.2% 30.9+15.7% 18.6+12.8% 23.8+£13.4% 26.8 £19.4% 17.3 £15.6% -348.9 +216.6% -309.6 +285.6% -279.9 £ 109.4%
WGAN (RelativeWaves) AWGAN (AllWaves) AWGAN (RelativeWaves)

NY Boston Virginia NY Boston Virginia NY Boston Virginia
<=lkm 559+89% 54.5+13.8% -85.4+653% 65.4 £6.6% 65.7 +£9.0% -62.7 +43.4% 62.4 +£6.6% 59.9 £10.3% -104.3 + 66.6%
12km  53.9+£11.3% 52.7+17.5% -129.6 £79.5% 63.6 £6.5% 63.8+9.1% -75.3 £43.9% 64.6 £5.7% 60.7 £9.0% -80.7 + 48.9%
2-5km  60.1+11.8% 58.2+16.7% -72.8+73.5% 68.2+5.1% 68.8 +7.4% -5.0 £23.9% 70.3 +4.9% 68.6 £5.5% -2.4£29.1%
5-10km 51.6+9.0% 383 +17.0% -73.2+76.1% 57.4+£6.0% 51.8+7.2% -10.4 £ 18.0% 57.9 £5.6% 51.2+6.8% 1.2 £16.3%
10-20km  9.4+11.5% -0.1£17.0% -59.4+33.9% 12.6 £16.4% 12.4 £15.1% -34.4 +18.1% 12.5+17.7% 10.8 £15.2% 42.1 +16.3%

20-50km  -35.7 £16.1% -19.6 +£27.5% -64.2 +24.9% -9.1£20.0% 8.4 £19.6% -8.5+£12.9% -26.3 +28.6% -6.1+£22.4% -43.2 +£19.3%
>50km  -425.9+1633% -129.4+53.6%  -1303.1+421.0% -45.5 +£24.6% -30.3 £17.7% -40.8 +35.8% -126.4 £42.6% -86.8 £22.1% 212.1+71.4%

Appendix Table 3. Mean absolute error per bounding box, binned by distance from the coast, over the held-out
test set. The baseline is provided in absolute units (metres), with trained model performance reported as the
percentage reduction in MAE, relative to the baseline for ease of interpretation. Entries in bold represent the
lowest error amongst their architecture group (U-Net or WGAN).
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Distan ce: Bilinear Interpolation U-Net (AllWaves) U-Net (RelativeWaves)
<=1km NY Boston Virginia NY Boston Virginia NY Boston Virginia
>q95 0.621 0.725 0.533 0.189 0.093 0.340 0.165 0.108 0.425
>q99 0.909 1.081 0.890 0.253 0.124 0.297 0.228 0.157 0.269
>q999 1.041 1.399 - 0.341 0.122 - 0.288 0.176 -

Distance: AU-Net (AllWaves) AU-Net (RelativeWaves) WGAN (AllWaves)
<=1km NY Boston Virginia NY Boston Virginia NY Boston Virginia
>q95 0.149 0.111 0.431 0.118 0.086 0.4006 0.362 0.244 0.358
>q99 0.231 0.151 0.482 0.169 0.098 0.389 0.560 0.294 0.202
>q999 0.365 0.212 - 0.223 0.131 - 0.621 0.495 -

Distance: WGAN (RelativeWaves) AWGAN (AllWaves) AWGAN (RelativeWaves)
<=1km NY  Boston Virginia NY  Boston Virginia NY Boston Virginia
>q95 0.365 0.221 0.498 0.241 0.145 0.310 0.241 0.142 0.286
>q99 0.613 0.343 0.468 0.434 0.214 0.233 0.448 0.182 0.138
>q999 1.015 0.632 - 0.591 0.309 - 0.793 0.348 -

Appendix Table 4. Mean absolute error for all models per bounding box in the <1 km from the coast bin over
the held-out test set, calculated over pixels where the corresponding target pixel is above the percentile
calculated from the respective distance bin from the two-regime dataset. For the <1 km from the coast bin,
these values are 1.71 m, 3.05 m, 4.73 m, for the respective percentiles. Entries in bold represent the lowest

error amongst their architecture group (U-Net or WGAN).
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