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Auditable Kilobyte-Scale Surrogates for the Global
Significant-Wave-Height Climatology

Vahram A. Martirosyan

Abstract—Global ocean-wave climatologies are produced by
third-generation spectral models and Earth-observation (EO)
platforms and are distributed as multi-gigabyte gridded fields
that are impractical for on-board or embedded use and whose
internal behaviour cannot be read off directly. This article
shows that the global monthly climatology of significant wave
height (H;) can be represented by a single, human-readable
polynomial that fits in kilobytes and evaluates in microseconds
on a scalar CPU without a GPU or runtime. Using the Ifremer
WAVEWATCH III CFSR hindcast (global 0.5°, 2005-2014), we
fit a stagewise-regularized polynomial regression (SRPR) on six
surface features—Cartesian position on the unit sphere, absolute
latitude, and the seasonal cycle—and obtain a degree-8 model
of 3002 explicit terms with cross-validated R> = 0.945 and
RMSE 0.262 m. Under strict evaluation the model retains
R? = 0.933 when whole grid cells are held out, drops to
0.73 £ 0.18 when whole 30° regions are held out, and reaches
an anomaly R?> = 0.875 relative to the zonal/seasonal mean.
Independent validation against in-situ buoys shows that the
model emulates the open-ocean climatology well (offshore RMSE
~ 0.5 m) but, being a deep-water climatology, cannot represent
fetch-limited coastal seas; we also report a negative result in
which a distance-to-coast feature degrades accuracy through
extrapolation. Mixing the in-situ buoy observations into training
(leave-one-station-out) instead raises the held-out coastal R? from
0.34 to 0.52 and removes the coastal bias at a small open-
ocean cost, and this correction transfers partially to unseen buoy
networks. A comparison with lightweight neural surrogates shows
that tiny networks are competitive in accuracy-per-kilobyte, so
the contribution of the polynomial is not raw accuracy but its
closed-form, auditable representation—the decisive property for
safety-critical edge deployment, where the decision rule must
be inspectable and physics-checkable. We position it as the
transparent backbone of a gray-box model rather than as a
stand-alone wave tool. The study also serves as a portability test
of the SRPR framework, extending it from subsurface scalar
fields (temperature, salinity, dissolved oxygen) to a boundary-
sensitive surface field, and charts its operational envelope on an
EO-relevant variable.

Index Terms—Significant wave height, wave climatology, poly-
nomial regression, elastic net, interpretable machine learning,
edge deployment, WAVEWATCH 1II, Earth observation of the
ocean.

I. INTRODUCTION

The significant wave height Hs—conventionally the average
height of the highest third of waves—is the primary integrated
quantity in wave climatology, and underpins wave-energy
siting, ship routing, offshore and coastal design, and hazard
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assessment. State-of-the-art global wave information is pro-
duced by third-generation spectral models (WAVEWATCH 111,
WAM) forced by reanalysis winds [1], [3], [5], or is embedded
in atmospheric reanalyses such as ERAS [6] and observed
from space by satellite altimetry [7], [8]. These products
are physically consistent and accurate, but they are large
(gigabytes per field), require substantial storage and compute,
and their internal behaviour cannot be read off directly.

Two trends make a compact, transparent representation
of the global wave climatology attractive. First, on-board
and edge computing is increasingly deployed on marine
platforms—autonomous surface vehicles, drifters, and small
satellites—where storage, power, and the absence of a deep-
learning runtime are hard constraints [17]. Second, the geo-
science community is rediscovering the value of models whose
reasoning can be audited against physical expectation, rather
than treated as opaque [11], [15]. A wave climatology that
occupies a few kilobytes of readable coefficients and can be
evaluated on a microcontroller serves both needs simultane-
ously.

This article is part of an ongoing programme that validates a

single interpretable engine—stagewise-regularized polynomial
regression (SRPR) with an analytic solver—as a general-
purpose framework for geophysical fields [16]. Prior targets
were subsurface scalar fields (ocean temperature, salinity,
dissolved oxygen). Here we deliberately stress-test the frame-
work’s portability and boundary conditions on a qualitatively
different target: Hg, a vector-integrated, boundary-sensitive
surface field whose climatology is organized by storm tracks,
fetch, and coastal sheltering rather than by a depth-stratified
column.
Why polynomials? It is important to state at the outset what
this work does not claim. We do not claim that a closed-form
polynomial is more accurate than a neural network; on the
contrary, we show explicitly that a tiny MLP is competitive
per kilobyte on this smooth field. The primary novelty is
auditability and physics-checkability for safety-critical edge
deployment. A polynomial’s entire decision rule is a short list
of signed coefficients on named monomials: it can be read,
bounded, unit-checked, and diffed against physical expecta-
tion, and its failure modes can be reasoned about a priori.
For a marine platform—or any deployment where a wrong
wave-height estimate carries safety or cost consequences and
where no deep-learning runtime exists—that property, not a
third decimal place of R2, is the operative requirement. A
black-box emulator of equal accuracy cannot supply it. This
is the differentiator we develop and stress-test throughout the
article.
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Contributions. The specific contributions of this work are:

e We show that the global monthly H, climatology can
be emulated by a single closed-form polynomial of a
few thousand terms, reaching cross-validated R? =0.945
(RMSE 0.262 m) at degree 8 and R? = 0.920 at degree 6,
at a footprint of 3.7-12 KB and microsecond inference.

o We map the model’s operational envelope with strict
evaluation: cell-block cross-validation (R? = 0.933),
whole-region holdout (0.73 £ 0.18), and anomaly skill
over the zonal/seasonal mean (0.875).

o We benchmark against lightweight neural surrogates and
a gray-box variant, and show explicitly where a tiny black
box is competitive per kilobyte—framing the polyno-
mial’s value as auditability, not raw accuracy.

o We validate independently against in-situ buoy networks,
quantify the systematic coastal failure of a deep-water cli-
matology, and show that upweighting in-situ observations
repairs the coastal bias (0.34 — 0.52) with only a small
open-ocean cost, transferring partially across networks.

o We report an instructive negative result—a distance-to-
coast feature degrades accuracy—to steer practitioners
away from an obvious but ineffective fix.

The remainder of the article is organized as follows.
Section II reviews related work. Section III describes the
hindcast target, the features, and the independent observations.
Section IV details the SRPR formulation, the normalization
correction, and the mixing and gray-box extensions. Section V
defines the evaluation protocols and baselines. Section VI
presents results, and Sections VII and VIII discuss and con-
clude.

II. RELATED WORK

A. Global wave climatologies and Earth observation

Global wave data are produced by third-generation spec-
tral models such as WAVEWATCH III and WAM, either
in forecast/hindcast configuration [1], [3] or embedded in
atmospheric reanalyses; ERAS5 [6] provides hourly H, at 0.5°.
Satellite altimeters provide an independent, truly global view
of H, [7], [8], and multiplatform altimeter products are now
used to construct global wave-height climatologies and trend
estimates that complement hindcasts [9]. These products are
physically complete but heavy and opaque: they are stored as
dense grids and are not amenable to on-board evaluation or to
direct inspection.

B. Machine learning for ocean waves

Machine learning has been applied to wave forecasting
and downscaling, for example to obtain local forecasts from
regional spectral models [10], and to a range of geophysical
fields [11]. The resulting models are typically neural networks
or tree ensembles [18] and do not provide closed-form, au-
ditable fields. They also generally require a numerical runtime
and exceed the memory budget of embedded marine hardware.
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Fig. 1. Annual-mean significant wave height of the target climatology.
The mid-latitude storm belts and the Southern Ocean maximum dominate
the spatial structure, with enclosed seas and low-latitude trade-wind regions
markedly calmer.

C. Compact surrogates for edge deployment

Deploying learned models on microcontrollers and em-
bedded hardware [17] demands kilobyte-scale footprints and
microsecond inference. This motivates closed-form surrogates
that need no runtime or framework and whose entire behaviour
can be inspected on-device. A polynomial of explicit mono-
mials is the extreme case of such a surrogate: its storage is
exactly its coefficients, and its evaluation is a short sequence
of multiply—add operations.

D. Interpretable regression

Inherently interpretable models expose their decision rule
rather than approximating it post-hoc [15], and sparse regres-
sion can recover governing equations from data [14]. The
elastic net [12], [13] yields sparse polynomial coefficients
compact enough to inspect and embed. The present work
carries this line to the global wave-height climatology.

IITI. DATA AND FEATURES

A. Target: a hindcast wave climatology

We use the Ifremer WAVEWATCH III hindcast forced by
CFSR winds [1], [2], [4], distributed as per-variable monthly
files (global 0.5° grid, 317 x 720 cells, 3-hourly). We use
the H, variable for 2005-2014 (ten years). Each monthly file
is averaged in time and then averaged across years, giving a
climatological monthly-mean H, per grid cell. The resulting
field (12 months against lat/long) is the regression target; its
annual mean is shown in Fig. 1, where the mid-latitude storm
belts and the Southern Ocean maximum are clearly visible.

B. Features

Each sample is a (location, month) pair encoded by six
surface features: Cartesian position on the unit sphere (x, y, z),
absolute latitude |¢| (equator—pole contrast), and the seasonal
harmonics sin(27M/12) and cos(2wM/12). The Cartesian
mapping removes the longitude seam; no depth feature is
needed for a surface field. All features are standardized to
zero mean and unit variance (Table I).
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TABLE I
SIX-FEATURE SURFACE ENCODING.

Feature Quantity

T,Y, 2 Cartesian position (unit sphere)
|9 absolute latitude

sin(2wrM/12)  seasonal sine

cos(2rM/12)  seasonal cosine

C. Hindcast-versus-altimetry context

Altimetry is the reference independent observation system
for global H and has been used both to validate hindcasts
and to build globally calibrated wave-height databases [7]-[9].
In this work we anchor the independent validation on in-situ
moored buoys (Section VI-D), which provide long, quality-
controlled records at fixed locations and are directly compa-
rable to a monthly climatology; satellite-altimeter collocation
over the identical period is the natural next validation layer
and is discussed as ongoing work in Section VII.

D. Independent observations

For validation we use in-situ moored buoys from three
networks: NOAA NDBC [19] (CoastWatch ERDDAP), the
Irish Marine Institute wave-buoy network, and SECOORA—
none of which were used in training. For each buoy we build
a monthly-mean H, climatology (2006-2015) and compare it
with the model evaluated at the buoy location and month. The
three networks deliberately span different regimes: open-ocean
NDBC sites, the sheltered, tidally mixed Irish coastal stations,
and the western-boundary-current SECOORA shelf.

IV. METHOD
A. Stagewise-regularized polynomial regression
We fit the elastic-net objective

A
min = 37— 60)™8)” + Mll + 2B )

3

with an analytic two-stage solver: ridge preconditioning of the
normal equations followed by coordinate descent on an active
set [12], [13]. A full degree-K polynomial in six variables
has (G}K) terms (923 at K =6, 3002 at K=8), so the design
matrix is formed implicitly from the six raw moments and
never materialized in full.

B. Normalization

The production SRPR path applies a per-sample min/max
rescale to [0,2] after z-scoring. For this global field that
transform is destructive: with it, degree-6 reached only R? =
0.832. Using z-score-only features (the prenormalized
path) raised degree-6 to R? = 0.920. All results below use
the corrected path. We report this because the normalization
choice is otherwise an opaque implementation detail that
silently limits accuracy by nearly an order of magnitude in
unexplained residual.

C. Weighted mixing of in-situ observations

The smooth global basis cannot represent fetch-limited
coastal seas. Because coastal buoys carry information ab-
sent from the grid, we extend the objective with per-sample
weights, giving grid samples weight 1 and buoy samples
weight W:

1 A
n?g?%@*ﬂ@%ﬂ“ﬂ%+§Wﬁ(m

This extension is transparent to the solver: it enters only as
upweighted rows of the normal equations (a weighted Gram
matrix), and the analytic two-stage solve is unchanged.

D. Gray-box extension

For the gray-box variant we fit a small multilayer perceptron
(MLP) to the residual of the polynomial, r; = y; — ¢(x;) " 3.
The composition keeps the macro-scale field readable while
allowing a compact network to absorb local structure.

E. Complexity and edge footprint

Inference is a single polynomial evaluation: a short sequence
of multiply—add operations whose cost scales with the num-
ber of active terms. A degree-8 model stores 3002 float32
coefficients (= 12 KB) and degree-6 stores 923 (= 3.7 KB).
No matrix operation, external dataset, framework, or GPU is
required, which is the same edge profile we have reported for
SRPR models of ocean temperature, salinity, and dissolved
oxygen [16].

V. EXPERIMENTAL SETUP
A. Evaluation protocols

Because random-sample cross-validation is optimistic for
spatially correlated fields, we report four protocols: (i) standard
5-fold random-sample CV; (ii) cell-block CV, in which whole
grid cells are held out so no (location) appears in both
train and test; (iii) basin-block CV, in which whole 30°
longitude/latitude regions are held out; and (iv) anomaly skill,
in which the model is scored on the residual after removing
the zonal/seasonal mean. Protocols (ii)—(iv) probe interpolation
to unseen locations, extrapolation to unseen regions, and
genuinely non-climatological skill, respectively.

B. Baselines

We compare against lightweight MLP surrogates of different
widths on identical features and folds (MLP with 16 hidden
units; MLP with two 32-unit hidden layers), and against the
gray-box polynomial-plus-MLP residual model. All models
are reported with their stored size in kilobytes and their mean
score across folds.

C. Metrics

We report the coefficient of determination R?, root-mean-
square error (RMSE, in metres), and mean bias (in metres).
For strict protocols we report the mean and standard deviation
across folds, since fold-to-fold variability is large when whole
regions are withheld.
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TABLE II
5-FOLD CROSS-VALIDATED ACCURACY OF THE GLOBAL Hs
CLIMATOLOGY VERSUS POLYNOMIAL DEGREE.

Degree  Terms RMSE (m) R?
1 (ridge) 6 0.874 0.393
2 27 0.622 0.692
3 83 0.493 0.807
4 209 0.398 0.874
5 461 0.348 0.904
6 923 0.317 0.920
7 1715 0.283 0.936
8 3002 0.262 0.945

Accuracy vs degree Accuracy vs model size
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Fig. 2. Accuracy versus polynomial degree (left) and model size (right).

TABLE III
STRICT EVALUATION PROTOCOLS AT DEGREE 6.

Protocol R?
Random-sample CV 0.935
Cell-block CV (unseen cells) 0.933
Basin-block CV (unseen 30°) 0.73£0.18
Anomaly (vs zonal/seasonal mean) 0.875

VI. RESULTS

A. Degree ablation

Table II and Fig. 2 report 5-fold cross-validated accuracy
versus polynomial degree. Accuracy rises monotonically and
has not fully saturated at degree 8 (R?> = 0.945, RMSE
0.262 m); degree 4 already reaches R? = 0.874 with only
209 terms, and degree 6 reaches 0.920 with 923 terms.
The monotone but diminishing-return curve indicates that the
model is exploiting progressively finer structure rather than
overfitting, consistent with the strict protocols below.

B. Strict evaluation and anomaly skill

Random-sample cross-validation is optimistic for spatially
correlated fields. Table III reports strict protocols at degree 6.
Holding out whole grid cells leaves the score essentially un-
changed (0.933), so the model interpolates to unseen locations;
holding out whole 30° regions reduces it to 0.73 £+ 0.18
(mean = std across five folds), with high fold-to-fold variance
because some held-out regions are much harder than others.
The anomaly R? of 0.875 shows the skill is not merely the
latitude/season mean, which alone explains only about 45% of
the variance.

TABLE IV
POLYNOMIAL VERSUS LIGHTWEIGHT MLPS (5-FOLD, MEAN =+ STD R?).

Model Size (KB) Random Basin 30°
SRPR polynomial (deg 6) 3.6 0.9354+.001 0.732£.176
MLP (16) 0.5 0.884+.005 0.768+.064
MLP (32,32) 5.1 0.953+.002 0.791+.117
poly + MLP(32,32) 8.7 0.9504.002 0.709+.196
TABLE V
PER-NETWORK BUOY VALIDATION (2006-2015).
Network Stations RMSE (m) R? Bias (m)
NDBC (offshore) 16 0.503 0.602 +40.112
Treland (MI) 4 1.454 —0.140 +0.901
SECOORA 3 0.657 —3.464 +0.543
Pooled 23 0.763 0.337 40.299

C. Comparison with lightweight neural surrogates

We benchmark against small MLP surrogates on identical
features and folds (Table IV), including a gray-box variant in
which a small MLP is fit to the polynomial’s residual. On
random splits the degree-6 polynomial (3.6 KB, R? = 0.935)
is competitive, and the gray-box reaches 0.950-0.953. On
the harder basin-block split, tiny MLPs generalize to un-
seen regions better than the global polynomial—MLP(32, 32)
(5.1 KB) attains 0.79140.117 versus 0.732+0.176—and with
lower variance.

We report this as a deliberate boundary result, not a hidden
weakness: on a smooth field a tiny black box is competitive
per kilobyte, so the polynomial’s case cannot rest on accuracy
or size. What it adds is an auditable decision rule—and, as
the gray-box rows show, the transparent backbone can be
coupled to a small residual network to match the best black-
box accuracy (0.950-0.953) while keeping the macro-scale
field readable and physics-checkable.

D. Validation against in-situ buoys

The model, trained only on the hindcast, reproduces ob-
served buoy climatologies. At offshore NDBC sites the agree-
ment is good (R? = 0.60, RMSE 0.50 m, bias +0.11 m).
Adding sheltered/coastal/lake stations (Irish Marine Institute,
SECOORA) sharply increases error: for example, SmartBay
(Galway Bay) is observed at 0.70 m but predicted at 2.93 m,
and Lake Michigan station 0Y2W3 is observed at 0.44 m
versus 1.43 m. The multi-network pooled R? therefore falls to
0.34 (Fig. 3, Table V). This is expected: the model is a deep-
water climatology and cannot represent fetch-limited coastal
wave heights, which are governed by local geometry rather
than by basin-scale forcing.

E. Mixing in-situ observations into training

The hindcast-only model overpredicts coastal stations (Sec-
tion VI-D). Since these stations carry information absent from
the smooth grid, we test adding them to training with an
upweighting factor W (grid weight = 1) and evaluating by
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Fig. 3. Model versus observed monthly-mean Hs at 23 buoys from three
networks. Offshore stations cluster near the 1:1 line; sheltered, coastal, and
lake stations are systematically overpredicted.

TABLE VI
MIXING BUOYS INTO TRAINING (DEGREE 6, LEAVE-ONE-STATION-OUT).

Buoy weight W Buoy R> Buoy RMSE (m) Grid R?

0 (hindcast only) 0.337 0.763 0.935
10 0475 0.679 0.933

100  0.522 0.648 0.922

1000  0.427 0.710 0.861

leave-one-station-out (Table VI). The coastal bias is largely re-
movable: at W =100 the held-out-buoy R? rises from 0.337 to
0.522 and the bias falls from +0.30 to +0.05 m, at a small cost
to the open-ocean field (0.935 — 0.922). Excessive weight
collapses both, so an optimum exists near W=100. This is
a reweighting-based bias correction, not new coastal physics;
the mixed model is stored separately from the hindcast-only
model.

Does the correction transfer across networks? Leave-one-
network-out shows that it transfers partially: with NDBC held
out, training on grid plus Ireland/SECOORA buoys raises the
NDBC R? from 0.59 to 0.72 and cuts the bias from +0.14 to
+0.02 m; with SECOORA held out, RMSE falls from 0.66
to 0.46 m. The Irish stations, however, do not transfer (their
+0.9 m bias persists), because their sheltered, tidally mixed
regime is absent from the other networks. The correction is
thus partially generic but regime-dependent: stations resem-
bling the training set benefit, while a distinct regime needs its
own observations.

F. Interpretability

Because every coefficient is explicit, the field decomposes
into readable terms. The leading terms are |@| (poleward
intensification, i.e. storm tracks), z = sin¢ (hemispheric
contrast, the Southern Ocean storm belt), the interaction
z-sin(2w M /12) (seasonal winter swell), and basin-scale com-
binations of x and y (fetch and swell-propagation geometry).
The model recovers the two dominant physical drivers—
latitude and season—as its largest coefficients, without being
told them. This transparency is what allows a domain expert
to sanity-check the field term-by-term, an operation that is not
available for a trained neural emulator.

G. Computational footprint

A degree-8 model stores 3002 float32 coefficients (=
12 KB); the degree-6 model stores 923 (=~ 3.7 KB). Inference
is a single polynomial evaluation—microseconds per point on
a scalar CPU, with no GPU, matrix operation, or external
dataset. This is the same edge profile as the SRPR models we
have reported for ocean temperature, salinity, and dissolved
oxygen [16], and it is what distinguishes the approach from
gridded climatologies and neural emulators. For a marine
platform that must operate without a deep-learning runtime,
the entire climatology is a coefficient file that can be evaluated
inline.

H. A negative result: distance-to-coast

Motivated by the coastal failure, we tested adding a fetch
proxy, log(l 4+ dcoast), computed from the model’s land
mask. It degraded performance (buoy station-mean RMSE
0.67 — 1.49 m) and produced wild extrapolations near the
coast, because the strided training grid (2°) contains few cells
close enough to the coast, so coastal validation points are an
extrapolation of the new feature. We report this to discourage
the obvious but ineffective fix: a coastal model requires higher-
resolution, region-specific treatment, and simply appending a
distance-to-coast channel is not sufficient.

VII. DISCUSSION

What this model is for—and why auditability is the point.
It is a closed-form, auditable surrogate for an open-ocean
monthly wave climatology: a single explicit polynomial of a
few thousand coefficients that evaluates in microseconds on
a scalar CPU, versus gigabytes and GPU-scale inference for
the gridded fields it emulates. Critically, the comparison in
Section VI demonstrates that a tiny MLP is competitive in
accuracy-per-kilobyte on the same data. We therefore do not
rest the case on accuracy or size. The polynomial’s decisive
advantage—and the reason it is the right tool for safety-critical
edge deployment—is transparency: every term is readable,
signed, unit-checkable, and inspectable, so the field can be
audited against physical expectation and its behaviour bounded
before deployment. A neural surrogate of equal accuracy
cannot be audited in this way, no matter how small it is.
This is what makes the model suitable as the physics-readable
backbone of a gray-box system, in which a compact neural
residual corrector refines the macro-scale field for coasts and
storms while the interpretable polynomial still supplies the
verifiable macro-scale trend. The gray-box rows of Table IV
are the recommended operating point when a residual corrector
is acceptable; the pure polynomial is the operating point when
auditability must not be compromised.

What it is not. It is not a forecast or nowcast and does
not resolve individual storms or swell events. It is not valid
in sheltered/coastal/lake waters unless in-situ observations are
mixed into training, which recovers much of the coastal skill
but is a bias correction rather than coastal physics. It is an
emulator of a hindcast climatology, so its accuracy is bounded
by that product.
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Operational envelope and framework portability. For the
SRPR programme, the value of this study is the map it draws
of the framework’s operational envelope. The same engine, un-
changed, transfers from depth-stratified scalar columns (tem-
perature, salinity, dissolved oxygen) to a boundary-sensitive
surface field (H,), reaching R? = 0.945 under interpolation
and 0.73 across unseen regions, and recovers the dominant
physical drivers as readable coefficients at kilobyte scale. It
also breaks predictably—a global smooth basis cannot repre-
sent fetch-limited coastal seas, and a naive distance-to-coast
feature makes this worse by extrapolating beyond its training
support—and the break is repairable in a principled way by up-
weighting in-situ observations (0.34 — 0.52), which partially
transfers to unseen stations. Charting successes, failures, and
the fix is precisely what distinguishes a framework validation
from an application study, and is the intended contribution of
this work.

Modularity of the engine. None of this required changing the
solver. A boundary-sensitive field is ingested purely through
the feature map: here a seasonal sine/cosine pair and absolute
latitude are appended to the Cartesian position, and the ana-
Iytic two-stage SRPR solver—normalization, stagewise selec-
tion, elastic-net shrinkage, and the normal-equation solve—
is used verbatim. The buoy-mixing extension is likewise
transparent to the solver, entering only as upweighted design-
matrix rows. This clean separation of a fixed, general-purpose
analytic core from a field-specific feature map is what makes
the framework portable across temperature, salinity, dissolved
oxygen, and now significant wave height, and it isolates where
a new field needs care (its feature support and boundary
conditions) from where the engine is already general.
Limitations and ongoing validation. Three limitations bound
the present study. First, validation uses in-situ buoys; colloca-
tion against satellite-altimeter H, over the same period is the
natural next layer and would strengthen the EO connection.
Second, the target is a single variable and a single hindcast
product; extending to mean wave period, to multiple hindcasts,
and to interannual (e.g. ENSO) variability is future work.
Third, the edge claim is currently analytical (footprint and
operation count); a cycle-accurate embedded measurement
would make it empirical. Finally, the gray-box residual cor-
rector improves random-split accuracy but does not, by itself,
repair the coastal extrapolation failure, which remains region-
specific.

VIII. CONCLUSION

A single degree-8 polynomial in six geometric/seasonal
features represents the global open-ocean monthly significant-
wave-height climatology with cross-validated R%2 = 0.945
(RMSE 0.262 m), independent offshore buoy RMSE of =~
0.5 m, and R?> = 0.73 & 0.18 under whole-region holdout,
while remaining fully readable and edge-deployable. Mixing
the in-situ buoy observations into training (leave-one-station-
out) raises the held-out coastal R? from 0.34 to 0.52 and
removes the coastal bias at a small open-ocean cost, and the
correction partially transfers across networks. Because a tiny
MLP is competitive in accuracy-per-kilobyte on the same data,

we do not claim accuracy or size superiority: the polynomial’s
contribution is a closed-form, auditable representation, best
used as the transparent backbone of a gray-box model with
a compact neural residual corrector. We have deliberately
documented its boundaries—coastal inapplicability and the
failure of a naive distance-to-coast feature—so that it is used
where it is valid.

The resulting artifact is a 3.7-12 KB closed-form expression
that evaluates in microseconds on a scalar CPU with no
runtime, framework, or GPU. Unlike neural surrogates of
comparable accuracy, whose deployed weights are as opaque
as they are compact, every coefficient here can be read, signed,
and audited against physics, so the model can be shipped and
trusted on constrained or safety-relevant platforms where an
uninterpretable network would not be.

DATA AND CODE AVAILABILITY

The Ifremer WAVEWATCH III' CFSR hindcast is
publicly available via anonymous FTP. The in-situ
buoy records are distributed by NOAA NDBC, the
Irish Marine Institute, and SECOORA. All feature-
construction, training, and evaluation code, together
with the coefficient files (model_waves_hs.srpr,
model_waves_hs_mixed.npz), accompanies this work
and will be released on acceptance.
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