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ABSTRACT: Located in the western North Atlantic, the subsurface temperature and salinity structure at the Atlantis IT
Seamounts is sensitive to fluctuations in the Gulf Stream, and historical ocean structure profiles at this location show a
bimodal distribution, making seasonal climatologies a poor predictor of ocean states. Historical CMIP6 ensemble means
show dynamic changes in temperature between 1980 and 2007 (0.5°C), with no corresponding change in sea surface height
anomalies, suggestive of decadal changes independent of the Gulf Stream position. While previous deep learning models
have been able to predict SST globally, the Gulf Stream region has some of the lowest accuracy and shortest forecast
horizons. We use a deep learning (convolutional neural network) model to predict sea surface height anomalies and
sea surface temperature for 1 month to 2 years, focusing on the Atlantis I Seamounts. The training dataset consists of
the global 1850-2007 CMIP6 temperature, height, and mixed layer depth that capture climate modes of variability
that impact the Gulf Stream. We test our model predictions with Ocean Reanalysis System 5 (ORASS) reanalysis
data. Our model can beat the climatology for up to 24 months by predicting different decadal regimes in the Gulf
Stream. Using back-propagation saliency maps, we connect Atlantis IT Seamounts predictions to multiple global modes
of climate variability, such as the North Atlantic Oscillation, the Indian Ocean dipole, the Pacific decadal oscillation, and
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1. Introduction

The Atlantis II Seamounts are located in the North Atlantic
(38.4(°N, 62.84°W, Fig. 1), in a region of interest due to the dy-
namic ocean states and the challenge in describing acoustic pro-
files. Ocean states at this location are sensitive to fluctuations,
meanders, and loops of the Gulf Stream (Taylor and Stephens
1998) and thus have strong connections to basin-scale changes
in forcing (ie., climate modes of variability) that impact the
Gulf Stream (Chaudhuri et al. 2011). In addition, the topogra-
phy of the seamounts impacts Gulf Stream meanders (and thus
local density profiles) by vertically deflecting isopycnals and
perturbing eddies (Vastano and Warren 1976). Historical sub-
surface density profiles at the North Atlantis II Seamounts
show a bimodal distribution (Walters et al. 2024), reflecting
the location of the Gulf Stream relative to the Atlantis II
Seamounts and the corresponding warm/cold ocean state re-
gime (Gispen and Schmeits 2001; Bane and Dewar 1988).

As the accuracy of long-term forecasts (=6 months) using
dynamical ocean models decreases with time (Lu et al. 2020),
monthly climatologies are still used for forecast horizons from 6
months to 2 years in many practical applications (Cames 2009).
However, due to the bimodal distribution driven by changes in
the position of the Gulf Stream, the climatological mean does
not reflect any state occurring at the Atlantis II Seamounts
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(Walters et al. 2024). Furthermore, climate change reduces the
skill of long-term forecasts based on the climatological mean.
Linear regressions and stochastic predictive models do not
account for complex nonlinear feedbacks that control ocean
states, such as Gulf Stream meander formation (Pratt et al.
1991) and Gulf Stream temperature front/North Atlantic Os-
cillation interaction (Paolini et al. 2024). Due to this region’s
complex interactions with global atmospheric forcing, large-
scale patterns in the Gulf Stream, and local topography, the
Atlantis II Seamounts are an excellent candidate to test if
deep learning models can forecast sea surface temperature
(SST) in a changing climate.

a. Forcing in the Gulf Stream

The position, structure, and total transport of the Gulf Stream
vary on subseasonal and greater time scales (McCarthy et al.
2012; Sato and Rossby 1995) and are coupled with both atmo-
spheric (Joyce et al. 2009) and oceanic forcing (Sanchez-Franks
and Zhang 2015). Wind variability influences the meridional
position of the Gulf Stream (by altering the position of latitu-
dinal neutral wind stress curl) and the formation of mesoscale
Gulf Stream features (Guo et al. 2023), both of which affect
ocean states at the Atlantis II Seamounts (Sanchez-Franks
et al. 2016). Rossby waves generated from remote wind
conditions impact Gulf Stream variability at the Atlantis II
Seamounts with predictability between 1 and 24 months
(Taylor and Stephens 1998; Watelet et al. 2017). Buoyancy
changes within the North Atlantic, such as the Atlantic me-
ridional overturning circulation, force the position of the
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FiG. 1. Map of ORASS SST (shaded) for January 2023 over the
Gulf Stream, showing the Atlantis Seamounts II (diamond).
Light gray contours indicate the negative 0.02-m contours, and
black indicates the positive 0.02-m contours for sea surface height
anomalies.

Gulf Stream on interannual time scales (Joyce and Zhang
2010; Hameed et al. 2018).

Global modes of climate variability associated with pertur-
bations in the Gulf Stream include the Atlantic meridional
mode (Hameed et al. 2018; Wolfe et al. 2019) and the Atlantic
multidecadal oscillation (Nigam et al. 2018). Of particular rel-
evance is the North Atlantic Oscillation (NAO), the primary
mode of atmospheric wind variability over the Atlantic and a
well-documented driver of the variability of the Gulf Stream
(Bamnston and Livezey 1987; Bader and Latif 2005; Paolini
et al. 2024). The NAO forces the Gulf Stream by latitudinally
shifting wind patterns and generating westward-propagating
oceanic Rossby waves (Gangopadhyay et al. 2016). Variability
in the Gulf Stream linked to the NAO includes increased the
northward position and Ekman transport during the positive
phase of the NAO (Taylor et al. 1998; Visbeck et al. 2003),
from a 1-month to 3-yr lag in ocean response (Frankignoul
et al. 2001; Taylor and Gangopadhyay 2001; Paolini et al
2024). Other modes of variability with links to the Gulf Stream
include the Indian Ocean dipole (I0D), which affects interan-
nual predictability in the Eastern Hemisphere (Webster et al.
1999), and El Nifio-Southemn Oscillation (ENSO), which influ-
ences predictability in the Pacific and globally (Bjerknes
1969). The position of the Gulf Stream shifts with ENSO
events (Taylor et al. 1998; Sanchez-Franks et al. 2016; Seidov
et al. 2019), through nonlinear ocean/atmospheric interaction
changing wind patterns (Jiménez-Esteve and Domeisen 2020),
with Gulf Stream response lagging up to 1 year (Taylor et al.
1998). Fluctuations in the Gulf Stream are synchronized with
the fluctuations in the Pacific’s western boundary current (the
Kuroshio) on decadal time scales due to global changes in
wind patterns (Kohyama et al. 2021).

In addition, this region is experiencing a substantial in-
crease in temperature and heat content with climate change
(Saba et al. 2016; Yamagami et al. 2022), which adds to vari-
ability in strength and position (Dong et al. 2019). Decadal
variability within the North Atlantic is large compared to ob-
served trends associated with climate change, and trends are
challenging to resolve with satellite data (Chi et al. 2021). In
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2008, the Gulf Stream shifted northward into a new spatial
distribution measured with sea surface height (SSH) and SST
and has maintained this unprecedented pattern (Gongalves
Neto et al. 2021). Models predict a slowing Gulf Stream veloc-
ity (Hu and Bates 2018), a northward shift in the north wall
position (Hand et al. 2019), and suggest an increase in heat
may also broaden Gulf Stream meanders, decreasing the SSH
amplitude of these features (Yun et al. 2024). Multiple studies
use in situ data to quantify warming within the Gulf Stream
(Yang et al. 2016; Caesar et al. 2018; Smeed et al. 2018).
Todd and Ren (2023) showed that increased heat within the
Gulf Stream system is associated with increased stratifica-
tion and zonal broadening; this increase in heat may slow
down horizontal transport within the current system (Dong
et al. 2019).

b. Al ocean and atmosphere prediction modeling efforts

Deep leaming and neural network predictive models are in-
creasingly used in ocean and atmospheric science (Ardabili
et al. 2019; Airlangga 2024; Ali et al. 2021; Hamdan et al. 2024;
Jeon and Kim 2024; Wang et al. 2023), with particular success
at the subseasonal to seasonal range (2 weeks-2 years), rela-
tive to dynamic models (Bames et al. 2023; van Straaten et al.
2023; Airlangga 2024). Of particular interest is the success of
modeling efforts in predicting the climate modes of variability
due to their links to predicting SST (Cullen et al. 2022; Wei
et al. 2024). Multiple neural network models have made multi-
season predictions using climate model simulations and reanal-
ysis of the Indian Ocean dipole (Ratnam et al. 2020; J. Liu
et al. 2021; Sarkar et al. 2021; Ling et al. 2022; Janmaijaya et al.
2024), ENSO (Ham et al. 2019; He et al. 2019; Geng and
Wang 2021; Mu et al. 2021; Gao et al. 2023; Rivera Tello et al.
2023; Zhou and Zhang 2024; Wang and Huang 2024), NAO
(Yuan et al. 2019; Mu et al. 2020; Luo et al. 2021; Mu et al.
2023), the Atlantic and Benguela Nifio (Bachelery et al. 2024),
and Atlantic multidecadal oscillation (G. Liu et al. 2021). To
date, the most successful ocean and atmospheric artificial intel-
ligence (Al) predictive models are not fully coupled (Wang
et al. 2023; Lam et al. 2022; Kim et al. 2023; Mu et al. 2021,
2023).

Multiple efforts used neural networks to predict ocean
temperature at various scales and geographical locations,
many using only SST data as the predictor (Xie et al. 2020;
Xiao et al. 2019; Yu et al. 2020; Sarkar et al. 2020; Choi et al.
2023; Krestenitis et al. 2024). Global SST predictions made
by modeling efforts of Wei et al. (2024) and Xu et al. (2023)
were successful on short (less than 6 months) time scales. Both
Xie et al. (2024) and Liu et al. (2024) used their deep learning
models to predict three-dimensional ocean temperature for up
to 2 months at high resolution in constrained locations, using
multiple ocean and atmospheric variables as predictands.
While restricted to coastal SST, Kim et al. (2023) used a graph-
ical neural network to make forecasts at a range of time scales,
and Snoussi et al. (2024) used deep learning to forecast upwell-
ing. Using SST and atmospheric variables, Taylor and Feng
(2022) made global SST predictions for up to 2 years, with
most regions exhibiting skillful predictions for up to 1 year.
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However, predictions in the Gulf Stream region and other
westemn boundary currents were successful for up to 6 months
(Taylor and Feng 2022).

Due to the phase 6 of the Coupled Model Intercomparison
Project’ (CMIP6) length as a time series and robust performance
relative to reanalysis data (Cheng and Zhu 2016; Tang and
Duan 2021), multiple modeling efforts used CMIP6 data and
reanalysis to train neural networks (Qi et al. 2023; Su et al.
2024). Of particular interest are efforts that used ocean data
to make subseasonal to seasonal predictions, such as Pan et al.
(2022) who used subsurface ocean data from 30 CMIP5 and
CMIP6 models to train a convolutional neural network
(CNN), and then tested with reanalysis data. CMIP6 data
have been beneficial for training CNNs to predict ENSO
(Ham et al. 2019; Zhou and Zhang 2024; Wang and Huang
2024; Lops et al. 2023) and IOD (Feng et al. 2022) as CMIP
models simulate this phenomenon well (Bellenger et al.
2014). However, other studies such as Bachelery et al. (2024)
found that CMIP6 data are not a suitable training dataset due
to the poor way CMIP6 resolves the Atlantic Nifio. To our
knowledge, no studies have tested the suitability of CMIP6
models for training CNN for Gulf Stream prediction.

We aim to build a deep learning (CNN) long-term predic-
tion model that is more skilled than the seasonal cycle at pre-
dicting SST at the Atlantis II Seamounts. To do this, we explore
the following questions:

1) Is CMIP6 a suitable training/validation dataset for the
CNN model for the Gulf Stream, and how does it com-
pare to Ocean Reanalysis System 5 (ORASS) data?

2) Can the CNN model make long-term (2-yr) SST predic-
tions that improve over the seasonal cycle?

3) What global teleconnections impact SST at the Atlantis I1
Seamounts in the model, and can we visualize them using
modern interpretation techniques?

While many modeling efforts forecast global ocean sur-
face variables, these global efforts often show poorer fore-
casts for the Gulf Stream region (Taylor and Feng 2022). In
contrast to these previous efforts, we constrained our model
output to the North Atlantis Seamounts to optimize the tun-
ing of hyperparameters, as the physics of the Gulf Stream
and western boundary currents are unique in the global
ocean. In addition, by limiting our model to the Atlantis II
Seamounts, we aim to maximize the interpretability of the
forcing and global teleconnections SST at the Atlantis II
Seamounts.

2. Methods

Our predictor data consisted of global maps of SST, SSH
anomalies (SSHAs), and mixed layer depth (MLD). We used
model output and reanalysis datasets to maximize our time se-
ries of available data. The model output consisted of the en-
semble mean of 26 historical CMIP6 ensemble members, with
ocean resolutions varying from 0.1° to 1°. We used CMIP6
models as the time series is sufficiently large (1850-2007) to
resolve 2-yr predictions (Ham et al. 2019), while the ensemble
mean is more accurate than any individual member for global
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and Gulf Stream SST (Borchert et al. 2021; Scafetta 2023;
Dorrington et al. 2021). Note the limitations of CMIP6 en-
semble means include a bias in the spatial distribution of
SSHAs during ENSO (Sardana et al. 2024) and potential to
smooth Gulf Stream meanders (Dorrington et al. 2021).
While we acknowledge the Gulf Stream is a coupled ocean/
atmosphere problem, we only used ocean data as there are in-
consistencies with ocean and atmospheric variables in CMIP6
[e.g., models with most accurate SST tend to have the least accu-
rate winds (Richter and Tokinaga 2020)], and Mu et al. (2021)
caution against inputting ocean/atmospheric together into a
CNN due to the difference in physics between these two sys-
tems. Our testing data consist of ORASS reanalysis data from
1951 to 2023 for mixed layer depth, sea surface temperature,
and sea surface height anomalies. We derived SSHAs from
sea surface height, with the yearly climatology subtracted.
We remapped all data to a 1° grid projection, deseasonalized,
and normalized into anomalies (SSTa, SSHa, MLDa) based
on the overlap period between the two datasets. The anoma-
lies a are

a= ; )

where X is the variable’s value, p is the temporal mean, and
o is the temporal variance (the ranges of variance we used to
normalize each pixel are found in Fig. 4). We applied expo-
nential smoothing (i.e., only uses information from previous
time steps) to the predictand (Atlantis II Seamount time se-
ries) data for all validation/training/testing.

We split the data into 15% validation (CMIP6, 1850-1873),
70% training (CMIP6, 1874-1997), and 15% testing (ORASS,
1998-2020). We selected the validation period so that the vari-
ability of that time series was within the variability of the
training dataset, as demonstrated by Hamid et al. (2021).

Model and analysis

To forecast SSTa at the Atlantis Seamounts II (i.e., a sin-
gle point at 38°N, 62°E), we used a convolutional neural net.
Input (predictor) data consisted of normalized SST, SSH,
and MLD anomalies fields for the seven previous months.
The architecture of the deep learning model consisted of
three convolutional layers with ReLU activation,' with max
pooling and batch normalization between each layer (Fig. 2).
The final steps consist of two hidden layers with ReLU activa-
tion (Fig. 2). Output (predictand) consisted of SSTa from 1 to
24 months. As current dynamical models reliably forecast
ocean states at 0-6-month range (Weisheimer et al. 2009), we
optimized hyperparameters (tuning) for 12-month predictions.
We used a batch size of 70 (the batch size is the number of
data points used before updating the model) and 63 epochs
(the number of times the CNN model runs through the com-
plete dataset during training).

! That is, rectified linear activation function, or rectified linear
unit, commonly used in deep learning models as noted by
Glorot et al. (2011) due to ReLU’s performance.
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FIG. 2. Architecture of the deep learning model. Input data consist of normalized global maps of SST, SSHAs, and MLD for the eight
preceding months. This input tensor is put through three convolutional layers using ReLU activation (32, 64, and 128 filters, respectively).
Between each convolutional layer, we use batch normalization and a max pooling layer. Output is SST anomalies from 1 month

to 2 years.

Using these hyperparameters, we tested 12 random seeds
and selected the model that performed best for further analysis.
We note that in the ensemble of 12 models trained with the
same hyperparameters but varying the random seed, the models
disperse more (ensemble variance is between 0.75 and 1.5)
when predictand testing data are outside the bounds of
(e.g., warmer than) the training dataset, with only 30% of
the models capturing this increase in temperature. In con-
trast, when the predictand testing data are within the
bounds of the training data, the ensemble variance was less
than 0.5. This dispersion during the warm period was fairly
consistent for models with hyperparameters that were able
to beat the seasonal cycle. We used this ensemble spread to
inform both our hyperparameter selection and individual
model selection where the testing dataset is outside the
bounds of the training dataset.

To evaluate the 1-day prediction for the Atlantis II Sea-
mounts, we used mean absolute percent error (MAPE), root-
mean-square error (RMSE), and absolute error (|E[) as used
by Yu et al. (2020), where

n Xpre _ X‘?bs
MAPE = 21 ~ 2
n XPre _ Xﬂbs 2
RMSE = ;7( S r, 3)
|E| = |XP™® — Xpb], C))

where X is the value of the observation at time i, X7 is
the predictive value at time 7, and »n is the number of steps in
the time series.

We created relevancy back-propagation saliency maps using
the method of Rebulffi et al. (2020) to quantify model behavior
and isolate physical phenomena that impact the Atlantis II
Seamounts. This interpretation method quantifies how each
neuron (displayed as a spatial map) contributes to predictions
and performs well on Bommer et al.’s (2024) test (relative to

other mterpretability methods) for robustness and complexity.
To disentangle the sign of relevance (Mamalakis et al. 2022) and
make climate modes of variability visible to the human eye in
the saliency maps, we only used positive « relevancy (Bommer
et al. 2024).

3. Variability in datasets for the CNN model

a. Variability at the Atlantis II Seamounts within
CMIP6 ensemble

At the Atlantis II Seamounts, the first quartile of desea-
sonalized CMIP6 ensemble members varies between 0.27°
and 1.19°C for SST (Fig. 3a), between 0.076 and 0.038 m
for SSHAs (Fig. 3b), and between 115 and 12 m for MLD
(Fig. 3c). In comparison, the variability of the CMIP6 en-
semble mean ranges from —0.61° to 0.83°C in SST, from
—0.061 to 0.042 m for SSHAs, and from —69 to 58 m for
MLD (Figs. 3a—c).

In SSHAs, most variability occurs in decadal scales
(Fig. 3b), most likely associated with decadal changes in
the NAO and Atlantic multidecadal oscillation (Paolini
et al. 2024). To a lesser extent, SST exhibits some of these
decadal signals, such as between 1940 and 1990 (Fig. 3b).
The most considerable variability in MLD exists on subsea-
sonal (monthly) time scales (Fig. 3c). SST at the Atlantis II
Seamounts exhibits a robust increasing trend between 1980
and 2007 of 0.83°C (Fig. 3a). No trend is visible in SSHAs
during that period, but a slight (0.023 m) occurs over the en-
tire 157-yr time span (Fig. 3b). The warming trend in SST
and the associated new ocean states that were not seen previ-
ously in the time series will be a challenge in making deep
learning forecasts.

b. Comparison of predictors
PREDICTOR DATASETS

To compare the variability of training/validation datasets
(CMIP6 ensemble mean) and the testing dataset (ORASS),
we present the standard deviations of global maps of these
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Fi1G. 3. Time series of CMIP6 data (seasonal cycle removed) at the Atlantis IT Seamounts (38°N, 62°E), with ensemble mean (bold), and
ensemble standard deviation (shaded) for (a) SST, (b) SSHAs, and (c) MLD. The orange line indicates the recent trend in temperature.

datasets (not normalized). The standard deviation of SST in
the global input datasets is most minor (<1°C) in the equato-
rial Indian Ocean and western Pacific in both CMIP6 ensem-
ble mean and ORASS reanalysis (Figs. 4a,b). While the most
substantial SST variability occurs in the regions of western
boundary currents such as the Kuroshio in the Pacific and the
Gulf Stream, the maximum variability in the Gulf Stream is
higher in ORASS (9.5°C) than in the CMIP6 ensemble mean
(8.6°C, Figs. 4a,b).

The minimum standard deviation in SSHAs is 0.004 m in the
CMIP6 ensemble mean but 0.018 m in ORASS (Figs. 4cd).
Globally, SSHA variability is much more considerable in
ORASS5, with the maximum occurring in the Gulf Stream
(0.33 m), relative to CMIP6 ensemble mean of 0.184 m
(Figs. 4c,d). SSH also has substantial variability in ORASS
in the Southern Ocean (maximum (.31 m) that is absent
(i.e., between 0.05 and 0.01) in the CMIP6 ensemble mean
(Figs. 4c,d). Beyond the Southern Ocean, the global pat-
tern of SSHA variability in the CMIP6 ensemble mean
broadly matches that of ORASS, if not the magnitude
(Figs. 4c,d).

In MLD, variability is minimum near zero at low latitudes
(30°S-30°N) in both datasets (Figs. 4e,f). The maximum stan-
dard deviation in CMIP6 is 422 m, higher than that of ORASS

at 331 (Figs. 4e.,f). The greatest MLD variability (outside of
high latitudes and in the Southern Ocean) occurs within the
Gulf Stream (Figs. 4e,f). The maximum values in CMIP6 and
ORASS are 102 and 64 m, respectively. In contrast to SST and
SSHAs, variability is higher in the CMIP6 ensemble mean for
MLD than in ORASS.

As the two datasets (i.e., CMIP6 ensemble mean and
ORASS) occur during different periods, we expect variability
to be different. For example, as the CMIP6 dataset is an
ensemble mean, we expect it to be smoother, even if indi-
vidual members may exhibit more substantial spatial vari-
ability, where ORASS5 may partially resolve eddies (if
they are large enough), while the CMIP6 ensemble mean
does not (Figs. 4c,d). The success of the deep learning
model will depend on the convolutions being able to filter
out smaller-scale noise in SSH. Less variability in mixed
layer depth exists in ORASS relative to CMIP6 at deep-
water formation sites (Figs. 4¢,d). CMIP6 model itera-
tions show deep-water formation slowing in the later
quarter of this time series (Hameed et al. 2018; Chen et al.
2023), where CMIP6 overlaps with ORASS. As the
ORASS time series occurs during a period of weakened
deep-water formation relative to the full CMIP6 dataset,
the standard deviations may reflect this.
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c. Predictand datasets 1.18 (unitless), while CMIP6 varies from —1.73 to 2.40

(Fig. 5a). While both datasets show rapid warming at the

As the CMIP6 ensemble mean and ORASS5 overlap Atlantis IT Seamounts, there is displacement when this oc-

between 1958 and 2007 (Figs. 5a,b), we can contrast the curs: In CMIP6, this rapid warming occurs between 2004

predictand datasets (i.e., normalized anomalies with expo- and 2007, but in ORAS, this does not occur until 2015-18
nential smoothing). In SST, ORASS varies from —1.71to  (Fig. 5a).
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ear
FIG. 5. Time series of the CMIP6 ensemble mean (gray), and ORASS (black) deseasonalized
normalized anomalies (unitless), smoothed with prior facing exponential smoothing (smoothing
factor = 0.1) for (a) SSTa and (b) SSHa.
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FI1G. 6. Evaluation of SST predictions for 1-24-month forecast horizon. Black line indicates the deep learning model
predictions SST oy, and light blue dashed line indicates the evaluation of the (1958-2007) seasonal cycle (SSTg,y) as
a comparison for (a) R* of SST (with seasonal cycle), (b) R of SSTa (unitless), (c) MAPE, and (d) RMSE. Note that
the seasonal cycle becomes less accurate with increased forecast horizons due to increasing temperature.

During the overlapping period, the SSHA is a minimum of
—2.65 for CMIP6 and —2.26 ORASS (Fig. 5b). The maximum
SSHA is 1.02 for ORASS and 1.78 for CMIP6 (Fig. 5b). Like
SST, most of these differences may be due to high-frequency
noise (<3 month, Figs. 5a,b). However, unlike SST, the
largest differences between SSHa in CMIP6 and ORASS
are frequently greater than 1, i.e., larger than the variance
(Figs. 5a,b).

As the CMIP6 ensemble mean is composed of free-running
models (forced by observed changes in greenhouse gas
and aerosols), it is impressive how well the sea surface
temperature aligns with ORASS sea surface temperature
(after these datasets are deseasonalized, normalized, and
smoothed). Even when the CMIP6 model SST disagrees with
reanalysis (e.g., during the rapid warming between 2004 and
2007, Fig. 5a), the CMIP6 models still resolve physics relevant
to future ocean states. It is also surprising how well CMIP6
and ORASS align, considering some of the CMIP6 models
have coarse (1°) resolution that may not resolve the Atlantis I1
Seamounts or Gulf Stream meanders (but most likely can re-
solve longitudinal movement). Overall, the similarity of these
two datasets suggests that the CMIP6 model is suitable for
training a deep leaming model to predict SST at this location.

4. CNN model SST predictions
a. Total performance

The correlation R? between CNN model prediction (SSTenn,
where p is the prediction lead time in months) and reanalysis
data (SSTorass) is 0.99 (p < 107°) for all forecasts horizons
and the seasonal cycle (Fig. 6a). In normalized SST anomalies,
R?is only greater than 0.15 for forecast horizons 94 and 21-23
(p < 1072, with maximum correlations occurring at month 11
(Fig. 6b). All correlations with SST are large as the seasonal cy-
cle captures most of the variance (Figs. 7b.d,f).

The MAPE of SSTeny is less than 1.2% for all forecast
horizons, with minimum error (<0.3%) occurring between
9- and 13-month predictions (Fig. 6c). In contrast, the
MAPE of the seasonal cycle ranges from <1.4% (1 month)
to <1.7% (Fig. 6¢) so that SSTeny is more accurate than the
seasonal cycle for all forecast horizons. The SSTcny for all
months capture >44% of 1.9 Zggr increases between 2013
and 2020 (Figs. 7a,c,e and 8a—c). Nine- to fourteen-month
predictions resolve the seasonal (<1 yr) variability from
2000 to 2010 (Figs. 8a—c), which may contribute to the lower
error relative to other forecast horizons (Fig. 6¢).

RMSE varies from 048°C for 10-month predictions to
0.53°C for 17-month predictions (Fig. 6d). In contrast, the sea-
sonal cycle varies from 0.68°C for 1-month prediction to
0.84°C for 24-month predictions (Fig. 6d). Unlike MAPE, the
RMSE increases over the time series (Figs. 6¢,d). Outliers with
larger errors contribute more to RMSE than MAPE [Egs. (3)
and (4)], and as 24-month predictions have more outliers in
the period from 2016 to 2018 (Figs. 8a—), we expect RMS to
increase for longer forecast horizons.

While our model predictions are superior to the 1958-2007
seasonal cycle (SSTgy), a seasonal cycle created from later
data may better reflect increasing temperatures and make
more accurate predictions. The seasonal cycle from 1980 to
1999 (the 20 preceding years to the testing period, SSTgp g9)
varies in MAPE from 0.82% (for 1-month prediction) to
1.14% (24-month prediction). The SSTgy g9 is comparable to
or better than the model predictions, even beating the model
for 1-7-month forecasts (Fig. 6¢c). However, in RMSE, SSTg,_
99 ranges 0.45°-0.65°C and is less accurate than the CNN
model (Fig. 6d). If we compare the previous 10 years before
the testing period (i.e., a seasonal cycle from 1990 to 1999,
SS8Toy_99), MAPE ranges from 1.41% for 24-month forecasts
to 1.46% for 18-month forecasts, which is of comparable accu-
racy to SSTgy, (Fig. 6¢). The RMSE for SSTyq g9 is minimum
for 1 month (0.42°C) and maximum for 18 months (0.53°C)
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model predictions to surpass.

and performs better as a forecast than SSTenn for months 0-
5 (Fig. 6d).

While SSTgg g0 and SSTgy oy are more accurate than SSTgy,,
they behave differently in MAPE and RMSE (Figs. 6¢c,d). The
1980-99 seasonal cycle (on average 0.36°C warmer than the
1958-2007 period) fits the “cool” SST regime from 2000 to
2011 (which is cooler than the preceding decade, Fig. 5a)
but does poorly in the “warm” SST regime, from 2012 to 2020
(Figs. 8a—). In contrast, the 1990-99 time period is 0.57°C
warmer than the full seasonal cycle and better resolves the
warm SST regime than anything other than the model prediction
(Figs. 8a—c). Larger errors during the warm SST regime contrib-
ute more to RMSE despite the cool regime being a larger frac-
tion of the testing data. The CNN model prediction for 12 and
24 months performs as well or better than each seasonal cycle
for both regimes, suggesting it reflects this decadal variability.

While SSTenn increases during the 2013-20 warm period
[which aligns with the unprecedented shift in the Gulf Stream
observed by Gongalves Neto et al. (2021)], no values exceed
SSTa equal to 1.1 (Figs. 7a,c.e), the most considerable observed
value in the predictand traming datasets (Fig. 5a). While limited
by training data, the deep leaming model still successfully

predicts differences in decadal Gulf Stream regime periods.
Predictions for all months do not accurately resolve the transi-
tion period in between these regimes (2010-12), with errors in
SSTa approaching one standard deviation (Figs. 7a,c.e). Predic-
tions based on the seasonal cycle calculated for a more recent
warm period do not capture these regime shifts.

b. Seasonal performance

Over the calendar year, the greatest errors in MAPE occur
in January-March (>1.32%) for forecasts greater than 12 months
(Fig. 9a). The most minor errors in MAPE (>0.65%) occur
from July to October, for 9-14-month predictions (Fig. 9a),
and contribute to these forecast horizons having the lowest
error over the testing data (Fig. 6b). However, the seasonal
variability of the denominator SSTeny in Eq. (4) may ex-
plain much of this seasonal distribution in MAPE, which
will be larger in the summer/fall and make percent errors
smaller.

However, when using RSME, errors are minimized (<2.5°C)
during summer and fall months, particularly for the forecast
horizons of 6-15 months (Fig. 9b). Unlike MAPE, RMSE is
highest (>3.5°C) in May-July for 14-16-month predictions
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(Fig. 9b). The model is most successful at the 9-14-month
predictions due to its ability to resolve the SST in the Atlan-
tis I Seamounts during the seasonal temperature maxima in
the fall but is weakest from April to June, which suggests
difficulty in predicting variability in the timing of this warm-
ing (Fig. 7d).

Diagonal “stripes™ are visible in both MAPE and RMSE
(Figs. 9a,b), suggesting that the start month for predictions
may be more important than the forecast horizon. For ex-
ample, the period of minimum RMSE error from August to
October (9-13-month forecast horizon) is only less than 2.2°C
for predictions made in December-February (Figs. 9a,b).
Note that the sample size is 19 for each calculation of monthly
error, and outlier forecasts may affect the error, particularly in
RMSE. One possible explanation is that the North Atlantic
Oscillation is more predictable when forecasts are made from
December to February relative to other months (Tian and Fan
2019). Another is that mixed layer depth persistence and ree-
mergence during wintertime mixing may impact SST anomalies
in the Gulf Stream and increase predictability from winter
months (de Coétlogon and Frankignoul 2003; Deser et al. 2003).

MAPE (%)

0 5 10 15 20
forecast horizon (month)

5. Teleconnections to the Atlantis Il seamounts

As the CNN model can capture decadal variability at the
Actlantis IT Seamounts, we use backward relevancy propaga-
tion to explore how the neural network behaves in the first in-
put month for SST, SSHAs, and MLD. In January 2010
(during the cool SST regime), saliency for SST is elevated
(>0.35) in the eastem tropical Pacific, along 30°~40°N in the
North Atlantic, East of Greenland, and in the northern Indian
Ocean (Fig. 10a). This saliency matches most warm SST
anomalies found in the Northern Hemisphere (Figs. 10a,b).
While less relevant than SST, SSH saliency is greatest (>0.25)
in the tropical Atlantic and patches of the north and South
Pacific and may resolve eddies associated with the Kuroshio
and in the North Atlantic (Figs. 10c,d). MLD saliency is larg-
est (>0.35) in the Southern Ocean near Antarctica and in the
North Atlantic (Figs. 10e,f). SST has the strongest saliency for
predicting SST despite SSHAs having the most variance
(Figs. 10a-f).

In January 2015, SST saliency is lower (<<0.33) than January
2010, and this saliency is distributed more evenly across the

RMSE (*C)

0 5 10 15 20
forecast horizon (month)

F1G. 9. Error of SST predictions over the testing dataset for each calendar month (vertical axis), for forecast horizons
1-24 months (horizontal axis) for (a) MAPE and (b) RMSE.
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elevated temperatures of the Northern Hemisphere’s oceans
(Figs. 11a,b). Saliency in SSHAs (>0.25) resolves eddies in
both the Atlantic and in the region of the Kuroshio (>0.25)
(Figs. 11c,d). In MLD, saliency is strongest (>0.35) in the
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South Atlantic (Figs. 11e,f). One of the biggest differences be-
tween 2015 and 2010 is the northward shift of the Gulf
Stream, which is visible in both SSTa and SSHa and captured
in the SST saliency map (Figs. 11a—d). The decrease in SST
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FiG. 11. Backward relevancy propagation saliency maps for (a) SST, (c) MLD, and (d) SSHAs for January 2015, a
year during the warm regime. (b),(d),(f) The corresponding anomaly input map is to the left of the image. Note the

northward Gulf Stream that the SST saliency map captures.
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FiG. 12. Backward relevancy propagation saliency maps for (a) SST, (c) MLD, and (d) SSHAs for January 2020, a
year during a positive IOD event. (b),(d),(f) The corresponding anomaly input map is to the left of the image. Note
positive ENSO and the IOD event reflected in the CNN saliency map for SSTa.

saliency between 2010 and 2015 suggests that warming during
2015 may be too different from the training data to make
forecasts as accurately as during 2010.

In both 2010 and 2015, the SST distribution in the North
Atlantic is consistent with the SST for the positive phase of
the NAO and the negative phase of the Arctic Oscillation
(accounting for the lag in ocean response, Figs. 10 and
11a,b), which is positive during the months before these obser-
vations (Taylor and Gangopadhyay 2001; Paolini et al. 2024;
Lim et al. 2019). The increase in MLD saliency in the North
Atlantic could reflect a deepening of the MLD due to NAO-
driven storms. The northern Pacific has elevated saliency
during 2015 (Fig. 11), a positive year in the Pacific decadal
oscillation (Johnson et al. 2020). The equatorial Pacific has
elevated saliency in SST for both years, suggesting that
ENSO is critical to the CNN model (Figs. 10a,b and 11a,b),
but no intense ENSO event occurs during these months, al-
though the CNN may be picking up on ENSO precursor
states. Both of these years are weak negative Indian Ocean
dipole events (with 2010 stronger than 2015, Liu et al. 2023),
and the SST saliency highlights these SST distributions, par-
ticularly in the Bay of Bengal in 2009 (Figs. 10a,b and 11).

A weak ENSO and strong I0OD positive event precedes
January 2020 (Wang et al. 2023) and is visible in both SSTa and
SSHa (Figs. 12b.d). The saliency map for SST captures both the
Indian Ocean dipole and ENSO (Figs. 12b,d). This time period
is also positive for the Pacific decadal oscillation, and the SSTa
and saliency reflect this change in SST (Figs. 12a,b). As the
Gulf Stream shifts northward (i.e., SST becomes warmer at
Atlantis II Seamounts) after positive ENSO events modify

global wind patterns (Taylor et al. 1998) and the IOD also
modifies global wind patterns and is semicoupled to ENSO
(Saji and Yamagata 2003), we expect the neural network to ac-
tivate over these regions during these events.

6. Summary and discussion

The CMIP6 ensemble comprises of free-running models that
should resolve the physics of the Gulf Stream. While not identi-
cal, the CMIP6 ensemble mean and ORASS5 have enough simi-
larities in decadal variability to train and test a neural network
model. In some cases, differences between CMIP6 and reanaly-
sis may be advantageous in training the model. For example,
the CMIP6 warms more quickly than ORASS, and incorporat-
ing this into the training data may have helped our CNN model
predictions make this increase in temperature. We should note
that we tested various ensemble members, and the CMIP6 en-
semble mean was the only traming dataset to beat the seasonal
cycle. As the ensemble mean has the most accurate SST glob-
ally, this suggests the ensemble mean is also most accurately re-
solving the physics relevant to the Gulf Stream position. While
our current model has enough spatial resolution to resolve lati-
tudinal shifts in position, future use of high-resolution MIPS to
train CNN predictive models may more accurately resolve fea-
tures such as Gulf Stream meanders. To improve this model, ef-
forts could incorporate atmospheric data or include CMIP6
future simulations to better resolve the Gulf Stream under
modern warm SST conditions so that training data might cap-
ture the same range of conditions as the testing data.
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The CNN model reflects the decadal regime shift in SST
from 2000-2011 to 2012-19, characterized by the northward
movement of the Gulf Stream, but is limited in the warmest
regime by a lack of training data in those extreme condi-
tions. Despite this, the model predictions beat the seasonal
cycle in almost all periods. Although predictions using a sea-
sonal cycle calculated over carefully chosen time periods
could produce forecasts of comparable skill to the CNN
model, the substantial decadal variability may make select-
ing the correct period difficult. Using a trend with a seasonal
cycle is also problematic, as the decadal variability is not a
linear warming trend. For example, the decade 1990-99 is a
worse predictor for 2000-11 due to the latter period being
cooler due to the southward movement of the Gulf Stream
on a decadal scale.

We tuned the model to optimize forecasts in the +7-month
horizon range. However, it is still surprising how poor the
1-6-month forecasts are relative to the 9-14-month ones,
suggesting that the model captures teleconnections impor-
tant for longer time scales. While of less interest to this pa-
per, models should be tuned and run separately for shorter
lead time to improve accuracy. The CNN model best pre-
dicts these later months when predicted from December to
February. This seasonality in prediction may be due to the
imprint that deep winter mixed layers (that form during
these months) have on surface temperature anomalies in
the Gulf Stream despite strong lateral advection in the re-
gion. The NAO is most predictable in forecasts started dur-
ing boreal winter (and the NAO is the most well-known
driver of Gulf Stream variability), so the model may lever-
age NAO dynamics to make SST predictions. NAO SST
signatures appear in backward relevancy propagation
maps, along with features suggestive of the Pacific decadal
oscillation (which, to our knowledge, has not been previ-
ously connected to Gulf Stream dynamics) and semi-
coupled ENSO and 10D in the tropical Pacific and Indian
Oceans. All of these changes in SST will interact with each
other through teleconnections, impact global wind pat-
terns, and (with a lag in ocean response) modify the posi-
tion of the Gulf Stream. The seasonality of the predictions
also suggests separating the model to tune for forcing rele-
vant to that season.

Our CNN model leverages these modes of global cli-
mate variability to make long-term forecasts at the Atlan-
tis II Seamounts. These global patterns are frequently
weighted more in neural network connections than local
features in the Gulf Stream and North Atlantic that may
impact ocean circulation for the Atlantis II Seamounts on
shorter time scales. One possible way to address this
would be to include coupled atmospheric variables in a
semicoupled CNN.

While our current study is a simple test case, the success of
this model at 1-2-yr forecasts has implications for future ma-
chine learning modeling efforts to predict ocean states at global
scales. For example, different ocean areas may need to be
tuned differently, such as western boundary currents (like the
Gulf Stream) whose physics and interaction with wind patterns
are unique to the global ocean. Isolating these patches of the
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ocean may also aid in the interpretation of models. Similarly,
different forecast horizons may need different tuning as the
dominant physical forcing mechanisms also differ. As neural
network techniques rapidly evolve, our success with this simple
model bodes well for more sophisticated models predicting
ocean states at these forecast horizons or longer. Finally, the
simplicity of our model allows us to identify climate modes of
variability that contribute to SST at the Atlantis I Seamounts.
Interpretable CNN models have the potential to recognize con-
tributions of forcing in nonlinear systems beyond correlations
and linear regression.
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TABLE 1. CMIP6 model members and institution used to
make CMIP6 ensemble mean; all members are ocean monthly
resolution historical runs.

Institution Model
NCAR CESM2-FV2
NUIST NESM3
THU CIESM
CCCma CanESM5
NASA-GISS GISS-E2-1-G
MRI MRI-ESM2-0
IPSL IPSL-CM6A-LR
NCC NorESM2-LM
MPI-M MPI-ESM1-2-LR
NCAR CESM2
CAS FGOALS-g3
CAMS CAMS-CSM1-0
HAMMOZ-Consortium MPI-ESM-1-2-HAM
CAS FGOALS-f3-L
EC-Earth-Consortium EC-Earth3-Veg
BCC BCC-ESM1
NASA-GISS GISS-E2-1-H
EC-Earth-Consortium EC-Earth3-Veg-LR
NOAA-GFDL GFDL-ESM4
CSIRO-ARCCSS ACCESS-CM2
FIO-QLNM FIO-ESM-2-0
NCAR CESM2-WACCM
NCC NorESM2-MM
MIROC MIROC6
BCC BCC-CSM2-MR
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