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Spatial Structure of 50m North Atlantic Temperature
from WOD23

Autonomous Benchmark Agent

Abstract We analyze subsurface temperature structure in the North Atlantic
using the World Ocean Database 2023 (WOD23). Annual Ocean Station Data
(OSD) NetCDF files for 2010–2019 are processed to extract 50m temperature
observations within 0◦–60◦N and 80◦W–0◦. We remove a large-scale trend in
latitude, longitude, and seasonal harmonics, and compute empirical isotropic
and directional variograms of residuals. The variograms indicate basin-scale
correlation lengths on the order of 103 km and modest anisotropy between
north–south and east–west separations. A stationary Gaussian process (krig-
ing) baseline on a 1◦ grid captures the broad meridional gradient but smooths
mesoscale structure, motivating more flexible nonstationary covariance mod-
els for future work. Spatial-block cross-validation (400 km blocks, 4 folds) on
a subsample shows that stationary Matérn and RBF kernels substantially re-
duce error relative to the trend-only baseline (RMSE 4.43◦C vs. 2.48◦C), while
a local-GP nonstationary approximation does not improve predictive skill on
the current data volume. We provide a reproducible data pipeline, variogram
diagnostics, and quantitative baselines with explicit WOD provenance for all
files and figures.

Keywords World Ocean Database · variogram · kriging · nonstationary
covariance · North Atlantic temperature

1 Introduction

Upper-ocean thermal structure influences air–sea fluxes, mixed-layer dynam-
ics, and seasonal predictability. However, in situ observations are sparse and
irregular in space and time, making it difficult to quantify spatial structure
and uncertainty in near-surface temperature fields. We use the World Ocean
Database (WOD) to study spatial dependence of 50m temperature in the
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North Atlantic and connect the analysis to modern geostatistical modeling in
Mathematical Geosciences. Mishonov et al (2024); Garcia et al (2024); WOD
Team (2025)

Our guiding question is: What correlation length scales and anisotropies
appear in 50m temperature residuals after removing large-scale seasonal and
geographic trends? How do they inform candidate covariance models for map-
ping? This focuses on a phenomenon present in WOD observations (subsurface
temperature variability at 50m) and uses methods rooted in geostatistics and
Gaussian process modeling. Grimaud et al (2025); Dowd and Pardo-Igúzquiza
(2024); Gomes Gonçalves and Wellmann (2025); Sampson and Guttorp (1992);
Paciorek and Schervish (2006); Higdon (1999)

Contributions:

– A reproducible extraction of 2010–2019 WOD OSD temperature observa-
tions at 50m depth for the North Atlantic, with explicit data provenance.

– An empirical variogram analysis of detrended residuals to diagnose spatial
correlation scales and directional structure.

– A modeling roadmap for nonstationary and anisotropic kriging tailored to
upper-ocean temperature, grounded in recent Mathematical Geosciences
and spatial statistics literature.

We next summarize related work, then describe the data and extraction
protocol, followed by variogram analysis and model formulation, and conclude
with limitations and future extensions.

2 Related Work

The World Ocean Database is the primary global archive for in situ ocean
profile data and supports multi-decadal analyses of ocean state. We rely on
the WOD 2023 release and accompanying user documentation for data struc-
ture and metadata conventions, and note continuity with prior releases such
as WOD18. Mishonov et al (2024); Garcia et al (2024); WOD Team (2025);
Boyer et al (2018) Earlier releases such as WOD05, WOD09, and WOD13 doc-
ument the evolution of quality control and profile formats, and the archive is
distributed via NOAA open data platforms. Boyer and Levitus (2006); Boyer
et al (2009, 2013); NOAA Open Data Dissemination Program (2026); NOAA
National Centers for Environmental Information (2026)

Mathematical Geosciences has advanced geostatistical modeling for irreg-
ular data, emphasizing nonstationary covariance, anisotropy, and hierarchi-
cal uncertainty quantification. Recent work develops deep Gaussian process
models for nonstationary spatial prediction, assesses domain embedding and
multi-scale effects, and revisits co-kriging and spatial dependence in mod-
ern settings. Gomes Gonçalves and Wellmann (2025); Grimaud et al (2025);
Dowd and Pardo-Igúzquiza (2024) Additional contributions connect geostatis-
tics with broader machine learning frameworks for spatial data and special
issues on this integration. Talebi et al (2020); De Iaco et al (2022); Miao
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and Wang (2025); Abulkhair et al (2023) Recent work includes Bayesian deep
learning for spatial interpolation, machine learning regionalization with spatial
features, uncertainty quantification in coastal aquifer modeling, and broader
analyses of research evolution in mathematical geosciences. Kirkwood et al
(2022); Ohmer et al (2025); Lino Pereira et al (2024); Li et al (2025); Stordal
et al (2021) Additional Mathematical Geosciences applications include geosta-
tistical uncertainty characterization for pore pressure and dual random fields
for mineral potential mapping. Soares et al (2024); Riquelme (2025)

Our study integrates WOD observational coverage with these methodolog-
ical themes by extracting a focused subsurface temperature field and using
empirical variograms as the first step toward a nonstationary kriging frame-
work in a well-studied ocean basin.

Foundational nonstationary spatial statistics contributions include spatial
deformation, process convolution, and smooth spatially varying covariance
classes, which motivate the modeling roadmap in this study. Sampson and
Guttorp (1992); Higdon (1999); Paciorek and Schervish (2006)

3 Data

We use the World Ocean Database 2023 (WOD23) annual OSD (Ocean Sta-
tion Data) NetCDF files hosted on the public NOAA S3 bucket. Mishonov
et al (2024); Garcia et al (2024); WOD Team (2025); NOAA Open Data Dis-
semination Program (2026) The analysis focuses on 2010–2019 profiles in the
North Atlantic (0◦–60◦N, 80◦W–0◦), selected to provide dense coverage of the
Gulf Stream region and mid-latitude North Atlantic.

3.1 Provenance and extraction

Data are downloaded via the repository WOD client (src/wod client.py).
The specific files are: 2010/wod osd 2010.nc through 2019/wod osd 2019.nc.
The retrieval date and commands are documented in agent run/REPRO.md.
Following NCEI guidance for temperature analyses, we also cite the World
Ocean Atlas 2023 temperature volume. NOAA National Centers for Environ-
mental Information (2025); Locarnini et al (2024)

We parse each annual file and extract temperature observations closest to
50m depth (tolerance ±5m). The WOD file format stores per-cast variable
length profiles; we reconstruct per-cast depth and temperature arrays using
the z row size and Temperature row size metadata. We retain casts where
these row sizes match and where a 50m measurement is available within the
tolerance window. We filter observations using WOD quality-control flags,
retaining only accepted profile and value flags (Temperature WODprofileflag
= 0, Temperature WODflag = 0) and accepted depth flags (z WODflag = 0)
when available in the NetCDF files.
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3.2 Working dataset

The resulting dataset contains 2,618 observations with latitude, longitude,
timestamp, depth, and temperature. Longitude is normalized to [−180◦, 180◦]
for spatial calculations. This table serves as the input for variogram analysis
and subsequent geostatistical modeling.

Fig. 1 Number of 50m temperature observations by year in the working dataset.

Fig. 2 Locations and temperatures of 50m observations in the North Atlantic, 2010–2019.

4 Methods

Let T (s, t) denote temperature at location s (latitude/longitude) and time t
(date). We decompose observations into a large-scale trend and a spatially
correlated residual:

T (s, t) = m(s, t) + ϵ(s),
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where m(s, t) is a deterministic trend (linear in latitude/longitude with sea-
sonal harmonic terms in month) and ϵ(s) is a zero-mean spatial process. We
estimatem(s, t) by least squares and compute residuals ri = T (si, ti)−m̂(si, ti)
for variogram analysis.

4.1 Empirical variogram

For residuals ri at locations si, the empirical semivariogram is

γ̂(h) =
1

2|N(h)|
∑

(i,j)∈N(h)

(ri − rj)
2,

where N(h) is the set of pairs whose separation distances fall in a bin around
lag h. Distances are computed via the haversine formula on the sphere. We
bin distances up to 2,000 km and inspect isotropic and directional structure.
Cressie (1993); Chilès and Delfiner (2012); Journel and Huijbregts (1978)

4.2 Parametric variogram models

We fit three common stationary variogram models with nugget: exponential,
spherical, and Gaussian. For lag h and parameters (τ2, σ2, a) (nugget, partial
sill, range), the models are

γexp(h) = τ2 + σ2
(
1− e−h/a

)
, γsph(h) = τ2 + σ2

(
1.5

h

a
− 0.5

(
h

a

)3
)
,

for h ≤ a and γsph(h) = τ2 + σ2 for h > a, and

γgau(h) = τ2 + σ2
(
1− e−(h/a)2

)
.

We estimate parameters by weighted least squares on empirical semivariances,
using bin counts as weights. Uncertainty is summarized via bootstrap resam-
pling of the observation set, refitting the variogram models for each resample.

4.3 Cross-validation

We evaluate predictive performance by K-fold cross-validation on a spatial
block design to reduce leakage from nearby observations. The study region is
partitioned into square blocks in kilometer coordinates and folds are assigned
at the block level. We compare (i) a trend-only model in latitude, longitude,
month, and seasonal harmonics, and (ii) a trend-plus-Gaussian-process resid-
ual model with stationary kernels. Spatial coordinates are converted to ap-
proximate kilometer units via an equirectangular projection using the mean
latitude. We report RMSE, MAE, and mean negative log-likelihood (NLL) on
held-out data.
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4.4 Local nonstationary approximation

To probe nonstationarity without a full spatially varying kernel, we employ a
local Gaussian process approximation. For each prediction location, we select
the k nearest training points in kilometer coordinates and fit a stationary
Matérn GP to the residuals on this local subset, yielding spatially varying
effective length scales. This provides a pragmatic nonstationary baseline for
comparison against global stationary models.

4.5 Nonstationary kriging roadmap

To capture spatially varying correlation lengths, we target nonstationary co-
variance models that allow local adaptation in anisotropy and range. Classic
approaches include spatial deformation (Sampson and Guttorp, 1992) and
process-convolution constructions (Higdon, 1999), while kernel-based formu-
lations such as the Paciorek–Schervish class provide smooth spatially varying
covariance parameters. (Paciorek and Schervish, 2006) Recent Mathematical
Geosciences work revisits nonstationary and anisotropic kriging in applied set-
tings. (Grimaud et al, 2025; Gomes Gonçalves and Wellmann, 2025)

We consider a locally adaptive kernel C(s, s′) whose parameters vary with
space, and compare against stationary exponential and Matérn baselines. Krig-
ing predictions and uncertainty will be computed on a regular grid within the
study domain, with model selection guided by cross-validation and variogram
fit diagnostics. Dowd and Pardo-Igúzquiza (2024); Rasmussen and Williams
(2006); Stein (1999); Cressie and Wikle (2011)

5 Experiments

We conduct exploratory spatial diagnostics as a first step toward kriging-based
mapping. The workflow consists of:

1. Extract 50m temperature observations from annual WOD OSD files (2010–
2019) within the North Atlantic domain, retaining only accepted WOD
quality-control flags for profile, temperature, and depth.

2. Detrend observations with a linear model in latitude/longitude and sea-
sonal harmonics of month.

3. Compute empirical isotropic and directional variograms on residuals, using
spherical haversine distances and binning up to 2,000 km.

4. Fit parametric variogram models (exponential, spherical, Gaussian) by
weighted least squares and compare residual sums of squares.

5. Evaluate predictive performance with spatial blockK-fold cross-validation,
comparing a linear trend baseline to Gaussian process residual models
(RBF and Matérn kernels) using equirectangular kilometer coordinates,
and to a local-GP nonstationary approximation based on nearest neigh-
bors.
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We use a random subsample of 500 observations per variogram for com-
putational tractability and report semivariance as a function of distance. For
variogram parameter uncertainty, we run 40 bootstrap resamples. Directional
variograms focus on north–south (0◦) and east–west (90◦) axes with a 22.5◦

angular tolerance. These diagnostics guide subsequent selection of stationary
or nonstationary covariance models.

As a baseline interpolation, we fit a stationary Gaussian process regression
model with an isotropic RBF kernel (equivalent to ordinary kriging under
a Gaussian covariance). Latitude/longitude are converted to equirectangular
kilometer coordinates before fitting. Predictions are produced on a 1◦ grid over
the study region to visualize large-scale structure.

6 Results

The working dataset contains 2,618 50m temperature observations from 2010–
2019, with coverage concentrated in the western and central North Atlantic
(Figure 2). Temperatures range from −1.71◦C to 28.98◦C with a mean of
10.35◦C, reflecting a mix of subtropical and subpolar conditions at 50m depth.
Sampling is uneven over time, with most observations from 2010–2012 and
sparse coverage after 2016.

The empirical isotropic variogram (Figure 4) suggests spatial dependence
at basin scales, motivating a range parameter on the order of 1,000–1,500 km
for baseline models. Directional variograms indicate modest anisotropy for
east–west versus north–south separations (Figure 4), consistent with oceano-
graphic structure in the Gulf Stream and subpolar gyre.

Parametric fits to the empirical variogram (Figure 4) yield nugget, sill,
and range estimates of roughly (τ2, σ2, a) equal to (3.68, 11.75, 881 km) for
the Gaussian model, (2.10, 19.93, 1,570 km) for the exponential, and (2.01,
12.99, 1,729 km) for the spherical. The Gaussian model provides the lowest
weighted residual sum of squares among these three fits, though all capture
basin-scale dependence. A 40-resample bootstrap yields a 95% interval for the
Gaussian range of roughly 671–1,058 km, indicating moderate uncertainty in
length-scale estimates.

Cross-validation indicates that augmenting the linear trend with a station-
ary Gaussian process improves predictive skill under spatial blocking. On a
4-fold spatial-block split (400 km blocks) of a 400-point subsample, the trend-
only baseline attains RMSE 4.43◦C and MAE 3.72◦C, while the trend+GP
models achieve RMSE 2.48–2.54◦C and MAE 1.98–2.03◦C. The Matérn ker-
nel yields the best mean NLL among these stationary baselines. A local-GP
nonstationary approximation with k = 80 nearest neighbors is weaker (RMSE
2.65◦C, MAE 2.13◦C), suggesting that further nonstationary structure must
be modeled more explicitly. Fold-to-fold variability is nontrivial under spatial
blocking (Table 1). A block-size check indicates that qualitative rankings are
stable for 300–500 km blocks, with RMSE shifts of a few tenths of a degree
(Table 2).
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Table 1 Spatial-block cross-validation metrics (4 folds, 400 km blocks, 400-point subsam-
ple). Values are mean ± SD across folds.

Model RMSE (◦C) MAE (◦C) Mean NLL

Trend only 4.43 ± 0.69 3.72 ± 0.71 3.16 ± 0.03
Trend + GP (Matérn) 2.47 ± 0.64 1.98 ± 0.52 2.44 ± 0.46
Trend + GP (RBF) 2.54 ± 0.62 2.03 ± 0.51 2.47 ± 0.44
Trend + local GP (Matérn, k = 80) 2.65 ± 0.37 2.13 ± 0.44 2.55 ± 0.07

Table 2 Sensitivity of spatial-block cross-validation to block size (400-point subsample).
Values are mean RMSE ± SD across folds.

Model 300 km blocks 400 km blocks 500 km blocks

Trend only 4.27 ± 0.44 4.43 ± 0.69 4.46 ± 0.46
Trend + GP (Matérn) 2.18 ± 0.46 2.47 ± 0.64 2.35 ± 0.90
Trend + GP (RBF) 2.25 ± 0.47 2.54 ± 0.62 2.49 ± 0.89
Trend + local GP (Matérn, k = 80) 2.22 ± 0.55 2.65 ± 0.37 2.42 ± 0.51

The stationary Gaussian process baseline (Figure 3), fit on equirectan-
gular kilometer coordinates, captures the broad meridional gradient between
subtropical and subpolar waters but smooths over mesoscale structure. This
motivates future nonstationary covariance models.

7 Discussion

The empirical variograms indicate spatial correlation of 50m temperature
residuals at basin scales, suggesting that simple stationary covariance mod-
els may capture first-order structure but miss regional nonstationarity asso-
ciated with western boundary currents and subpolar fronts. Directional dif-
ferences between north–south and east–west semivariance are consistent with
anisotropic processes in the North Atlantic.

Limitations include uneven temporal sampling (fewer casts in later years),
as shown by the observation map and year-count figure. Additional concerns
are instrument heterogeneity and simplified detrending; although seasonal har-
monics reduce annual cycle bias, residual mesoscale and interannual variability
remain. Spatial block cross-validation mitigates leakage but lowers effective
sample size, motivating larger data volumes or spatiotemporal models. Future
work will explore richer trend models, explicit spatiotemporal covariance, and
nonstationary kernels informed by bathymetry and ocean circulation features.

8 Conclusion

We assembled a reproducible WOD23-based dataset of 50m temperature in
the North Atlantic (2010–2019), and used empirical variograms to characterize
spatial dependence and anisotropy. Stationary Gaussian process baselines out-
perform a trend-only model in spatial-block cross-validation, while a local-GP
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nonstationary approximation does not improve predictive skill on the current
subsample. These results provide quantitative baselines and motivate future
work on richer spatiotemporal and physics-informed nonstationary covariance
models. The pipeline and analysis scripts provide a basis for expanding to
additional depths, variables, and validation designs.
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Fig. 3 Stationary Gaussian process baseline (1◦ grid), fit in equirectangular kilometer co-
ordinates.

Fig. 4 Variogram diagnostics: (a) isotropic variogram of detrended 50m temperature resid-
uals, (b) directional variograms, and (c) parametric model fits.
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